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Abstract

The Geometry of Instability: Patterns in Conflict and Migration Flow Fore-
casting
Thomas Schincariol, Trinity College Dublin

Forecasting in social sciences has progressed rapidly, driven by increased demand
from decision-makers. Yet, phenomena like conflict and migration remain difficult to
predict due to their complexity of mechanisms, context dependency, and reliance on
multi-individual human decision-making. These dynamics often vary in speed, con-
tain time lags, and pose challenges to rigid classical modeling approaches. This thesis
introduces ShapeFinder, a shape-based forecasting model that focuses on temporal dy-
namics rather than static values. It uses flexible distance measures, Dynamic Time
Warping (DTW) and Earth Mover’s Distance (EMD), to identify similar historical
patterns, even when sequences differ in timing, scale, or context. The model generates
scenario-based forecasts with probabilities and returns matched historical cases, provid-
ing transparency and interpretability crucial for practical use, unlike black-box models
such as deep learning. Across country and regional scales, ShapeFinder outperforms
classical statistical methods, as well as machine and deep learning models, in forecasting
conflict fatalities and migration flows. In conflict settings, the model versions without
covariates outperform complex models with hundreds of variables. In migration flows
settings, the model outperforms classical statistical and deep learning models, with co-
variates showing little added value unless used dynamically. Its lightweight, flexible,
and transparent method makes ShapeFinder suited for real-world early warning systems
in conflict and migration flow forecasting, but also offers strong potential for academic
use.

Keywords: Forecast, Conflict, Migration Flow, Shape-based Model, Pattern Recog-
nition
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1 Introduction

Over the past five years, the number of recorded conflict events has doubled (ACLED,

2024), and the number of international migrants has also doubled since the 1990s (UN,

2024). Long-term projections from climate experts suggest that, even under the most

optimistic scenarios, these trends will continue, and may even accelerate, with rising

numbers of forced migration flows and potential conflict events in the coming decades

(IPCC, 2023). The lack of resources and declining land livability are expected to drive

major shifts in population distribution, leaving some areas increasingly hostile to human

life.

Forecasting models are becoming a key tool in decision-making processes. For ex-

ample, during the COVID-19 crisis, many governments relied heavily on expert predic-

tions to guide public health responses. Similarly, in the social sciences, policymakers

and NGOs are increasingly using conflict and migration forecasting models to inform

their strategies. Given the scale of the emerging challenges, continued research into

forecasting models for conflict and migration flows is not only relevant but essential for

effective preparation and response.

Researchers have made significant progress on forecasting models, particularly over

the past few decades. However, many of the methods used appear poorly suited to

the specific challenges of predicting conflict and migration flows. A key limitation is

the method involved. Most existing models use static values and lack the flexibility

needed to capture the complex and dynamic mechanisms underlying these phenomena.

While newer approaches such as deep learning offer greater flexibility, they come with

two major drawbacks: they require large datasets, which are unavailable for migration

flows, and they produce outputs that are difficult to interpret, limiting their usefulness

in decision-making and early warning systems. There remains a clear gap for predictive
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models that can deliver strong performance while maintaining high interpretability.

In this thesis, the ShapeFinder model is introduced through four variants, adapted

for both conflict and migration flow purposes. The core concept of the model is to

find similar shapes to the actual ones to predict the future dynamics with the use of

scenarios. The future probable scenarios are not the only useful outcome of the model.

The similar patterns found in the historical dataset can be extracted for a theory study

oriented, but also for an anomaly detection warning system. This element can be used

as a validation for a qualitative assessment of the prediction or as an interpretability

asset of the model.

The thesis is organized as follows. It begins with a discussion of the theoretical

foundations of pattern-based reasoning, followed by a review of the origins and current

state of shape-based forecasting models. Next, the applications of these models in

conflict and migration studies are discussed. The specific features and methodologies

of the four studies conducted are then presented, followed by a summary of the overall

findings of the project. Finally, the full versions of the four papers are included.

1.1 Pattern-based reasoning

In 1998, the Democratic Republic of Congo (DRC, formerly Zaire) experienced a sud-

den rise in violence (Fig. 1, left panel) that marked the start of the Second Congo War.

In 2005, Serbia (formerly part of Yugoslavia) experienced a similar event (Fig. 1, right

panel), corresponding to the start of the Bosnian War. Both cases followed similar pat-

terns: an initial surge in fatalities, followed by a pause in conflict, and finally a sudden

escalation in intensity. This dissertation aims to uncover such patterns in conflict and

migration flows. Although the macro-level patterns are similar, the micro-level mech-

anisms differ. In the DRC, the war began after President Kabila turned against the

nations that had helped him rise to power, Rwanda and Uganda, within an already un-
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Figure 1: Conflict fatalities in DR Congo, ex-Zaire (left panel) and Serbia, ex-Yugoslavia
(right panel).

stable context following the First Congo War. In contrast, the Bosnian War began after

Bosnia declared independence, amid the breakup of Yugoslavia. Two different unstable

contexts and distinct triggering events led to similar dynamics in conflict fatalities.

While this pattern-based approach may raise questions about its theoretical foun-

dations, it can be initiated in the micro-level mechanisms of human behavior. Both

conflict and migration fundamentally start with human decision-making and its inter-

actions. Neuroscience research suggests that the human brain functions as a forecasting

machine, constantly working to anticipate future outcomes (Bar, 2007). Drawing on

patterns from past experiences and real-time sensory input, the brain aims to reduce

environmental uncertainty through predictive processing (Friston, 2010). Decisions

emerge from a feedback loop that weighs predicted outcomes against perceived risks

and rewards, resulting in habitual behaviors. This predictive nature of human decision-

making is well-established in fields like marketing, where anticipating behavior based

on past patterns has proven highly effective. Extending these findings from individ-

uals to groups, behavioral sociology has shown that human communities also display

structured regularities over time (Eagle and Pentland, 2009). These conclusions sup-
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port the relevance of a pattern-based approach in studying collective phenomena such

as conflict and migration, where group-level behavior reflects underlying, recurring

decision-making dynamics.

However, modeling these micro-level processes remains only theoretically feasible.

Accurately simulating the contexts of DRC or Serbia would require an astronomical

set of data, and interactions extremely context-dependent. Forecasting the decision

of President Kabila to take distance from his former allies would require the entire

set of interactions with his environment, combined with his internal neural network

information. And it would be just a single piece of all the interactions that led to the

onset of the Second Congo War. Therefore, building a mechanistic model like in physics

or biology would be impossible due to the immense complexity of neuropsychological

drivers behind conflict and migration flow. Simplifying such models would overlook

critical elements, including emotional states and social environments (Pfister and Böhm,

2008). Moreover, conflict and migration are not the result of isolated individual choices

but emerge from the dynamic interactions of multiple actors. These collective processes

create highly complex systems in which individuals influence and are influenced by each

other’s decisions. This interdependence further complicates attempts to reduce social

phenomena to fixed causal models.

Micro-level behaviors can give rise to observable patterns at the macro level, a con-

cept known as emergence theory. Originally introduced by philosopher George Lewes in

the 19th century (Lewes, 1877), this theory forms the foundation of agent-based model-

ing, which is widely used to study complex macro-level phenomena by simulating inter-

actions at the individual level. The relationship between micro- and macro-dynamics

has been explored across various disciplines. Emergence theory has demonstrated strong

results in fields such as ecology, through predator-prey models, or in epidemiology, with

the study of vector-borne diseases. In the malaria example, the micro-level climatic pat-
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terns shape the mosquito’s density. And then, the mosquito interaction with human

mobility dictates the number of malaria cases, at the macro-level, in time and space.

However, one might argue that emergence theory does not fit all phenomena, es-

pecially in social science, that involve strategic actors and not only physical or en-

vironmental phenomena. Economics, and notably the stock market prices, seem to

be unpredictable, even though markets are driven by human decisions to buy or sell.

Although the question of emergence is still actively puzzling the economists (Farmer

and Foley, 2009), some researchers suggest that the high speed of market fluctuations

(Bouchaud, Farmer, and Lillo, 2009), combined with the influence of algorithmic trad-

ing (Johnson et al., 2013), disturb the formation of stable macro-level patterns.

In contrast, social scientists have studied macro-level spatio-temporal patterns, for

example, with tools such as cellular automata (CA) to study social interactions (Hegsel-

mann and Flache, 1998). CA is a discrete model of computation focused on cells and

their states through time. The most famous CA is Conway’s ‘game of life’ (Conway

et al., 1970), where all cells of a two-dimensional grid are dead or alive. Their state

at time t is defined based on the state of its eight neighbors at t− 1. If a live cell has

two or three live neighbors, it stays alive; with more or fewer, it dies. If a dead cell is

surrounded by exactly three live neighbors, it becomes a live cell. Even with the sim-

plicity of these micro-level rules, CA can generate complex spatio-temporal patterns.

An example is presented in Figure 2, representing the pattern “Achim’s p16” found by

Achim Flammenkamp in July 1994.

By applying, step by step, the rules of the ‘game of life’ on the initial state, at

t = 0 (upper-left panel of the figure), the pattern originally composed of four parts

transforms into a flower shape pattern (from t = 4 to t = 6), to finally comes to a

mirror state of the original state at t = 8. By repeating the operation until t = 16, the

pattern is back to its original state, and then can be classified as a 16-period oscillator.
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Figure 2: Achim’s p16 patterns representation from t = 0 (upper left panel) to t = 32
(bottom right panel) in the ‘game of life’.

This is a relatively simple pattern, but thousands of more complex macro-level patterns

have been found, and are found every day, even if the game has basic micro-level rules.

Some patterns oscillate (called oscillators), move in space (called spaceships), or even

generate spaceships (called guns). In 2023, almost 55 years after the creation of the

game, the ‘game of life’ has been proven to be omniperiodic Brown et al., 2023, meaning

it has oscillators for every period possible. In other words, it exists contexts where

macro-level patterns repeat themselves with all possible frequency, only ruled by the

micro-level mechanisms of the game.

CA models were first used in biology, chemistry, or physics, but also in social science

to study social interactions (Sakoda, 1971) or even segregation phenomenon (Schelling,
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1971). The presence of emergent dynamics in social science, particularly in conflict

and migration studies, is more widely accepted. In conflict research, regularities in

strategic behavior (Axelrod and Hamilton, 1981), agent-based modeling for conflict

studies (Cederman and Girardin, 2023), or the predictive power of early warning signals

such as media coverage (Chadefaux, 2014), offer strong support for macro-level pattern

formation. Similarly, in migration studies, researchers have begun employing agent-

based models to simulate and forecast migration flows in specific contexts (Ghorbani et

al., 2024), further reinforcing the validity of large-scale micro-level patterns formation,

resulting from individual modeling.

This study focuses on identifying and distinguishing those macro-level patterns,

using shape-based modeling techniques. Unlike traditional point-estimate models, such

as linear regression, shape-based approaches capture the dynamics of entire sequences

rather than isolated values.

1.2 Shape-based forecasting models

Shape-based forecasting models are largely derived from pattern recognition methods.

Originally developed to identify and analyze patterns in data, these methods have

been adapted for forecasting. Pattern recognition was initially developed in the 1960s

for applications such as speech recognition (Pruzansky, 1963) and optical character

recognition (Grimsdale et al., 1959). Over time, it has been extended to broader fields,

including fraud detection in finance (Albashrawi, 2016), medical diagnosis using images

(Lo et al., 1995), and the identification of extreme climate events (Racah et al., 2017). In

the last decade, several advances facilitated their use in forecasting tasks. The matrix

profile (Yeh, Zhu, et al., 2016) computes the similarity between all subsequences of

a time series, enabling the detection of repeating sequences, known as motifs (Chiu,

Keogh, and Lonardi, 2003), as well as unusual patterns, referred to as discords or
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anomalies (Keogh, J. Lin, et al., 2007). Based on the core assumption that history

tends to repeat itself, shape-based forecasting models follow a straightforward principle:

identify similar past patterns as current ones to produce predictions about the future.

One of the main challenges is to accurately measure pattern similarity. For time

series subsequences, the most common method to measure the distance between two

subsequences is the Euclidean distance. While simple and easy to compute, this mea-

sure has limitations. Because it sums point-to-point distances, it only works well when

comparing sequences of the same length, and even slight misalignments can result in

large distance values. Alternatives like the Manhattan distance (Malkauthekar, 2013),

which focuses on differences rather than exact values, also require perfect alignment.

These are part of the “lock-step” class of methods, which compare sequences point by

point. To address these limitations, more flexible approaches known as “elastic dis-

tance” methods were developed. One widely used example is Dynamic Time Warping

(DTW) (Berndt and Clifford, 1994), which allows time shifts between points, making

it possible to compare misaligned but similar sequences. Other specialized methods

compare the parameters of fitted models (Abanda, Mori, and Lozano, 2019), or, more

recently, use deep learning approaches such as transformers (Wen et al., 2022). These

more complex models are already well established for high-dimensional data like im-

ages. Image comparison has evolved from direct pixel-based methods to feature-based

comparisons (Scholz et al., 2025), or using distances in embedding space (Barz and

Denzler, 2019). Some traditional metrics, like Earth Mover’s Distance (EMD) (Rub-

ner, Tomasi, and Guibas, 2000), assess similarity by computing the minimum cost

required to transform one distribution into another.

Once distances are computed, pattern classification is typically performed using

unsupervised or semi-supervised methods (Schwenker and Trentin, 2014). In the case

of time series subsequences, the effectiveness of clustering techniques is still debated
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(Keogh and J. Lin, 2005; Zolhavarieh, Aghabozorgi, and Teh, 2014). Some studies sug-

gest that traditional approaches, such as k-means or hierarchical clustering, often pro-

duce clusters that are no better than random. However, newer methods, such as those

based on matrix profiles (Yeh, Van Herle, and Keogh, 2016) or embeddings generated

by autoencoders (Yu, Kim, and Mechefske, 2021), have renewed interest in classifying

and identifying patterns in time series subsequences. Besides this, symbolic representa-

tions have been developed to simplify and bring symbolic representations of time series

subsequences. One example is Symbolic Aggregate approXimation (SAX) (J. Lin et

al., 2007), which converts a numerical time series into a symbolic string, enabling more

efficient compact motif discovery or, more generally, classification of subsequences.

Several studies use pattern classification methods as the foundation for prediction.

These approaches have been applied across various fields: for example, electric load

forecasting using DTW-based clustering (Teeraratkul, O’Neill, and Lall, 2017), the use

of discriminative subsequences, called shapelets, for epidemic forecasting (Srivastava,

Singh, and Lee, 2022), and shape-based features for predicting solar flares (Deshmukh

et al., 2021). The use of shape-based methods is not limited to time series. In a

medicine application study, body shape features are extracted from 3D body scans to

predict body fat percentage (Y. Lu, McQuade, and Hahn, 2018).

1.2.1 Patterns in Conflict

Pattern recognition has also been explored in conflict studies. Particularly in forecasting

applications, Chadefaux was one of the first to apply pattern recognition methods to

conflict forecasting (Chadefaux, 2022), introducing a model that later evolved into the

ShapeFinder framework. Its model and adaptations are discussed in the first paper.

While a range of models has since been tested, most forecasting approaches in this

field continue to rely on statistical methods (Brandt, Freeman, and Schrodt, 2014;
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Schrodt, 2006) or machine learning techniques (D’Orazio and Y. Lin, 2022; Colaresi

and Mahmood, 2017). In recent years, models have become increasingly complex in an

effort to better capture the mechanisms of conflict. However, this added complexity

often comes at the cost of interpretability. Newer models, such as transformers or even

simpler neural networks, can be difficult for policymakers to understand and trust. A

key takeaway from a prediction challenge organized by the Violence & Impacts Early-

Warning System (VIEWS) team was the need to go towards more complex and flexible

models, but also interpretable (Hegre, Vesco, and Colaresi, 2022). For instance, in

the next iteration of the prediction competition (Hegre, Vesco, Colaresi, et al., 2024),

the forecasted outputs shifted from point estimates to probabilistic values, more easily

actionable for decision-makers.

Although the use of pattern-based approaches in forecasting is still relatively new,

patterns have long been studied in conflict research at various levels. The idea of apply-

ing pattern recognition to better understand conflict emerged in the early 2000s (Brecke,

1998). Long-term cycles of violence have been analyzed across different regions (Brecke,

2001), alongside more recent trends involving non-state actors and the increasing role

of regional and international players (Avis, 2019). More practical patterns have also

been studied with more fine-grained studies looking at the pattern of conflict’s diffusion

(Schutte and Weidmann, 2011), distinguishing two types of patterns: the relation, or

shift of violence, and the escalation of conflict, where conflict expands spatially.

1.2.2 Patterns in Migration Flow

Similar to conflict, patterns in human migration flows have been extensively studied.

Research ranges from global analyses of major international migration patterns (Abel

and Sander, 2014) to more specific case studies, such as those focused on the United

States (Holland and Plane, 2001) or Bangladesh (X. Lu et al., 2016). In addition, mi-
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gration patterns linked to specific causes or events have been explored—for instance, the

effects of environmental factors (Xu and Famiglietti, 2023) or the impact of epidemics,

such as COVID-19, on migration flows (D. Lu et al., 2021).

The forecasting literature on migration flows remains limited, primarily due to the

lack of high-quality, continuous data. Most available data are at the country level and

reported annually. Finer-grained data, such as monthly or regional, are difficult to

obtain given the cost of collection. Typically, data are collected through surveys in

refugee camps or border registrations along major migration routes. This data issue is

acknowledged as a major challenge in the field (Nicoletti et al., 2023), and several studies

investigate the potential of new sources of data (Tjaden, 2021). Given these constraints,

it is predictable that shape-based models, which require high-quality time series data

to detect informative patterns (though not necessarily large volumes of data like deep

learning models), are underused. Instead, more traditional approaches such as classical

statistical models (Welch and Raftery, 2022), machine learning (Carammia, Iacus, and

Wilkin, 2022), and deep learning techniques (Golenvaux et al., 2020) have been applied.

These models have been used across various types of migration, from international

movements (Bijak et al., 2019) to internal displacement (Huynh and Basu, 2020). Still,

forecasting migration remains highly challenging. A recent review of climate-related

migration forecasting models concluded that current approaches are “not yet able to

provide reliable numerical estimates” (Schewel et al., 2024), and concludes in the need

for new data collection strategies and a more scenario-based approach, aligning with

the conflict forecasting field objectives.

1.3 Structure of the Thesis

As mentioned earlier, the model developed in this thesis builds on a previous version

introduced in (Chadefaux, 2022), during the first iteration of the VIEWS forecasting
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competition (Hegre, Vesco, and Colaresi, 2022). Significant adaptations were made,

resulting in the model presented in Paper 1. The original model compared an input

sequence to the entire historical dataset, resulting in a set of distances. Those distances

were used to weigh the importance of historical sequences in the creation of forecasts.

This implies a major issue: all patterns were considered in the prediction creation. Even

if their weight is small, the noise introduced led the model to forecast mostly flat values,

losing the ability to predict complex dynamics. In the adapted versions presented in

Paper 1-4, the model only focuses on the most similar patterns. Another key change

is the prediction creation method. In the original model, the forecast was the average

value of the following values of all historical patterns weighted by their similarity. This

approach is maintained in Paper 4, as the prediction is the average of the following

values of only the sequences classified as similar. In contrast, Paper 1-3 introduce

the scenario-based forecast. After identifying similar patterns, their following values

are clustered to produce distinct potential scenarios. This allows more interpretability

for decision-makers and opens the door to theoretical analysis by comparing different

scenario paths. The key attributes of each Paper’s model are displayed in Table 1.

Paper 1 Paper 2 Paper 3 Paper 4

Field Conflict Conflict Migration Migration

Spatial unit Country PrioGrid Dyad-Country Region

Shapes 2D 3D 2D Multi 2D

Distance DTW EMD DTW DTW

Covariates No No Static Dynamic

Benchmark Views Views RF ARIMA,LSTM

Horizon 12 months 6 months 6 months 3 months

Table 1: Key Attributes Across Papers

Papers 1–2 present purely autoregressive models focused on forecasting conflict
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fatalities, while Papers 3–4 outcome variable is the migration flow. Paper 3 operates

at the dyad-country level, accounting for both the origin and the arrival country in

Europe. Paper 4 takes a more fine-grained approach, forecasting departures from spe-

cific regions within South Sudan, covering both internal displacement and international

migration. A key methodological innovation appears in Paper 2, where the model

operates on three-dimensional shapes at the PRIO-Grid spatial level, a worldwide grid

of 0.5 x 0.5 decimal degrees (Tollefsen, Strand, and Buhaug, 2012). Here, the Earth

Mover’s Distance (EMD) is used to measure similarity, in contrast to the Dynamic

Time Warping (DTW) metric used in the other papers. Paper 4 also applies DTW,

but introduces a multilayer variant to handle covariates in the format of shapes. In

contrast, Paper 3 uses a more standard method for incorporating covariates. In terms

of benchmark models, since there is currently no widely recognized benchmark model

for migration forecasting in the literature, unlike the Views model (Hegre, Akbari, et

al., 2022) in conflict forecasting, Paper 3 is compared against a Random Forest (RF)

machine learning model, while Paper 4 compares its performance to both a statistical

model, ARIMA, and a deep learning model, Long Short-Term Memory (LSTM). Fi-

nally, the forecast horizon is set at one year for Papers 1, six months for Papers 2–3,

while Paper 4 uses a shorter three-month horizon due to a more limited input window

and restricted availability of historical data.

1.4 Findings

The first key finding is the strong performance of the model in forecasting conflict

fatalities and migration flows. It outperforms established benchmarks, but also tradi-

tional statistical methods, machine learning models, and even deep learning models.

Its accurate predictions make it a strong candidate for forecasting tasks.

This model holds a significant interest and has a distinct place in the forecasting
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literature, particularly when transparency is needed and when the data is limited. First,

when transparency in forecast production is required, this model stands out. It allows

users to fully trace how a forecast is generated and to understand the broader context

behind it. In this sense, the model offers a valuable alternative for those who need

complete traceability, something that most complex models do not provide. This model

also demonstrates strong performance when the unit of interest has limited available

data, such as migration flows. Unlike machine learning models, or even large language

models, it does not require a formal training phase, meaning it can perform well without

a large quantity of data.

In addition, the model performs well when dealing with highly zero-inflated and

skewed data, such as conflict data. Because it focuses only on the most similar cases,

the forecast values are not influenced by unrelated parts of the dataset. This feature

enables the model to produce non-conservative forecasts, even when most of the values

are zero or very small values. One of the main challenges in conflict forecasting is the

tendency of models to generate overly conservative predictions, as shown in Paper 1.

Since most models are optimized using metrics like Mean Squared Error, zero-inflated

data often push them toward conservative predictions. The structure of this model,

based on selecting and learning from the most similar cases, effectively bypasses this

limitation.

Another major challenge in conflict forecasting concerns the prediction of onsets.

For decision-makers, identifying the start of new conflicts is one of the most valuable

forecasting outcomes. Unfortunately, none of the existing models in the field has proven

effective at detecting onsets, and this model is no exception. The versions of the model

developed for conflict forecasting (Papers 1 and 2) are autoregressive models. Because

the model is purely autoregressive, it is structurally impossible to predict the onset

of new conflicts. As discussed in the papers, no model, including the VIEWS model
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with its extensive set of covariates, has yet reliably achieved this task. Nonetheless,

adaptations, such as the inclusion of covariates, as explored in Papers 3 and 4, could

be developed alongside the current model using a hurdle framework. These covariates

could include variables that have variation even in peaceful times.

That said, most models using such data, like news reports, tend to face a high rate

of false positives or false alarms. In many cases where indicators suggest rising conflict,

only a small fraction actually escalates to war. The key future challenge in onset

forecasting may therefore lie in distinguishing false positives from true ones. While

the ShapeFinder model cannot currently predict onsets, it performs strongly once a

conflict is ongoing, particularly in situations with high recent activity, as demonstrated

in the results of Paper 1. Future versions of the model should therefore include a hurdle

component to address this limitation when the input data contain only zeros.

Additionally, the simplicity of the model also introduces several limitations. The

core assumption of the model might be limited theoretically in some cases. The model

assumes that the system studied does not vary over time: patterns observed twenty

years ago produce similar outcomes nowadays. For example, migration patterns in

South Sudan in 2020, shaped by the COVID-19 pandemic, may differ substantially from

those in 2023, influenced by the neighboring conflict in Sudan. Similarly, the model

does not explicitly account for seasonality. These issues, however, can be addressed

by modifying the pattern search process. The model could, for theoretical or seasonal

reasons, give more weight to a more recent or seasonally relevant subset of the data to

better fit the changes in the system over time.

Linked to these potential theoretical and seasonal issues, comparing patterns of

completely different magnitudes could be seen as a clear weakness. Since all sequences

are Min–Max normalized, a sequence such as [0, 1000, 0, 1000, 0] would perfectly match

[0, 1, 0, 1, 0], even though they are theoretically quite different. As with the seasonality
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problem, a possible improvement would be to introduce a magnitude weight to prevent

sequences with very different magnitudes from matching. However, we observe that,

in practice, the model naturally matches patterns within their respective magnitude

categories (see Table in Appendix 1). For instance, most “peak” shapes, where one or

two values differ from zero, belong to the small conflict magnitude category. It is highly

unlikely to find a sequence alternating between months with 0 and 1000 fatalities in

the real world, as high magnitude conflicts gradually increase to such high values.

In addition, switching from Min–Max normalization to z-normalization does not

affect the results, likely because the natural patterns already match by magnitude.

Similarly, although many conflict forecasting models use log-transformed data to re-

duce skewness, applying such a transformation here would have little impact. Log

transformation would flatten the patterns and alter their shape, but this is unlikely

to matter in practice, since real-world conflict data rarely contain sequences that jump

abruptly between months with 0 and 1000 fatalities. High-magnitude conflicts typically

rise gradually, which limits the influence of extreme values.

The interpretability of the model may also be limited in certain contexts, particu-

larly when dealing with complex patterns such as the large three-dimensional patterns

discussed in Paper 2 or the multiple-pattern structures in Paper 4. In the case of

three-dimensional patterns, human understanding of spatial relationships is inherently

limited, especially when these patterns are presented in two dimensions, such as on

paper. This reduces the interpretability of the model, as the full structure of the pat-

tern cannot be easily grasped. In such cases, only the contextual information from the

matching patterns, such as their location and timing, remains directly interpretable.

Similarly, patterns involving multiple variables, as in Paper 4, are difficult for humans to

comprehend, particularly when some variables are lagged or evolve at different speeds.

While this flexibility improves the model’s performance by aligning dynamic behaviors,
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it simultaneously reduces interpretability.

Finally, one potential limitation of the model lies not in the model itself but in the

data. The quality of conflict and migration flow event data has been, and continues

to be, a central topic of discussion within the conflict studies community (Eck, 2012;

Gleditsch, Metternich, and Ruggeri, 2014). In the case of conflict, datasets are typically

derived from news reports, which introduces potential issues that can affect the accuracy

of model predictions.

First, event datasets depend heavily on the quality and extent of news coverage.

It is well established that conflict event data suffer from reporting bias (Weidmann,

2016). This bias often results in imprecise information regarding both the location and

timing of events, with fatality counts frequently reported in aggregated form over several

months. Such imprecision poses a problem for models like ours, which are sensitive

to the month-to-month dynamics of conflict fatalities. At present, most forecasting

models (ShapeFinder included) address this issue by excluding events that span multiple

months, as the available information remains too coarse for reliable use.1

Errors can also arise during the extraction of information from news reports into

geo- and time-coded events. The UCDP dataset, used in all three papers employing

conflict fatalities data, is among the most reliable and accessible sources available.

Nevertheless, given the vast amount of information that must be coded and updated

each month, occasional errors are almost inevitable. For instance, in a previous version

of the dataset, a single event in Ethiopia was recorded as causing 30,000 fatalities in

one day, when in fact these fatalities occurred over a period of five months. Although

such errors are typically corrected quickly in subsequent releases 2, they highlight the

challenges inherent in large-scale data collection and coding.

1An alternative approach is to distribute the fatalities over the months covered by the event. The
VIEWS forecasting model has been using this approach since their last update in October 2025. (Link)

2In this case, in less than a couple of days.
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This type of error is particularly problematic for our model, which is highly sensitive

to sudden changes in the data. In the example above, the error produces a “peak” effect

after normalization: the 30,000 fatalities become an artificial spike, while the preceding

and following values are effectively flattened to near zero. As a result, a false pattern

is created, one that never occurred in reality, while the genuine temporal variation

around the event is lost. Our model is particularly sensitive to these problems, but the

data quality affects all forecasting models to some degree, even the most robust ones.

Unfortunately, there is little that can be done at the modeling stage to correct for such

issues. The best approach is to continue supporting data providers like UCDP in their

ongoing efforts to ensure clean and accurate datasets.

Migration flow data face a different set of challenges, often even more complex than

those affecting conflict event data. Most migration flow information is collected directly

in the field, at refugee camps, along major roads, or at border crossings. This process is

extremely costly, as it requires continuous human monitoring of population movements

over the period of interest. As a result, the data often lack fine-grained and consistent

global coverage, with varying sampling frequencies depending on whether monitoring

programs are active in specific areas and time periods.

Consequently, it is difficult to obtain long time series with consistent temporal

frequency, especially at sub-annual scales. This poses a particular problem for the

ShapeFinder model, as missing values (NAs) are widespread in the dataset, prevent-

ing the extraction of a continuous dynamic. Some potential solutions exist, such as

resampling at a higher frequency, which, however, leads to a loss of information, or

interpolating missing values, which introduces strong assumptions that are acceptable

for NAs robust models but problematic for shape-based models.

More broadly, this thesis could also be the starting point of a new discussion on

how covariates are used in forecasting conflict and migration flows. While covariates
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are essential in causal studies, the pieces of evidence presented in the thesis (conflict

autoregressive models performing well, and the Paper 3 conclusion) raise the question

of their effectiveness under traditional modeling. Most commonly used covariates are

static or change slowly over time, usually yearly, which makes them of limited use for

predictive purposes. The extremely complex and context-dependent nature of conflict

may explain why such covariates generally add more noise than useful information.

The issue probably originates not only in the type of covariates selected but also in

how they are incorporated into models. A better approach might be to focus on short-

term, fast-changing variables, like protests, news reports, or event-based indexes, that

happen shortly before conflict or migration flow. Long-term factors like climate or the

economy are the source of these events, but they are certainly too complex and indirect

to be useful in a forecasting model. By using signals that show up just before a crisis,

we might avoid the complicated, context-specific causes that are almost impossible to

model properly.

In addition to its academic contributions, this study has led to several practical

applications. The model presented in Paper 1 was adapted into a live monthly pre-

diction framework. The results are published through a monthly report summarizing

key findings, as well as a web application3 that provides detailed forecasts. The project

has been running for over a year, and the first live performance report4 confirms the

model’s strong performance in real-time settings. The model will also be adapted

for use in a warning system as part of an upcoming collaboration with the European

Union through the INFORM team, and also potentially in a separate partnership with

the Danish Refugee Council (DRC). Additionally, the model and its adaptations are

available as a Python package5. The full code and documentation are provided in the

3Available at: https://pace-risk-map-x35exdywcq-ue.a.run.app/
4Available at: https://www.forecastlab.org/predictionmap
5Available at: https://github.com/ThomasSchinca/shapefinder
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repository, making it accessible for anyone interested in applying or further developing

the model.
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Abstract

Existing models for predicting conflict fatalities frequently produce conser-
vative forecasts that gravitate towards the mean. While these approaches have
a low average prediction error, they offer limited insights into temporal varia-
tions in conflict-related fatalities. Yet, accounting for variability is particularly
relevant for policymakers, providing an indication on when to intervene. In this
article, we introduce a novel risk-taking methodology, the ‘Shape finder’, designed
to capture variability in fatality data, or rather the sudden surges and declines
in the number of deaths over time. The method involves isolating historically
analogous sequences of fatalities to create a reference repository. Comparing the
shape of the input sequence to the historical references, the most similar historical
cases are selected. Predictions are then generated using the average future out-
comes of the selected matches. The Shape finder is derived from the theoretical
understanding that strategic and adaptive interactions between the government
and a non-state armed group produce recurring temporal patterns in fatality
data, which are indicative of broader developments. In this article, we demon-
strate that our approach maintains high accuracy while significantly enhancing
the ability to predict shifts, surges, and declines in conflict fatalities over time.
We show that combining the Shape finder with existing approaches, the Violence
Early-Warning System (ViEWS) ensemble, achieves a lower mean squared error
and better accounts for variability in fatality data. The Shape finder methodol-
ogy performs particularly well for high intensity cases, or rather country-months
with substantial armed violence.



Conflict forecasting has emerged as an important subfield of armed conflict studies

(Hegre, Bell, et al., 2021; Mueller and Rauh, 2022). Recent advances have harnessed

numerous data sources, from geopolitical indicators to digital media, as well as methods

from statistics, machine learning, and game theory. Models such as the Violence Early-

Warning System (ViEWS), for example, have set benchmarks by integrating complex

datasets, including event data and socio-economic indicators, to forecast conflict oc-

currences and intensities on both national and subnational levels (Hegre, Allansson,

et al., 2019; Hegre, Bell, et al., 2021). By analyzing past conflict patterns and integrat-

ing various geopolitical, socio-economic, and event-based data, forecasts help identify

underlying trends and potential triggers for armed conflict.

Despite these advancements, most models rely on static, cross-sectional data that

inadequately address the non-linear and evolving nature of conflicts. As a result, these

forecasts, while generally accurate over broad time scales, fail to capture critical short-

term fluctuations and sudden escalations. Existing methodological approaches often

struggle to predict temporal patterns and fluctuations in conflict dynamics accurately.

Such shortcomings are significant, as understanding these temporal variations is crucial

for effective conflict mitigation and response strategies. The inability to anticipate these

rapid changes can lead to missed opportunities for timely interventions and appropriate

allocation of resources (Mueller and Rauh, 2022).

To address these limitations, this article introduces the ‘Shape finder’, designed to

enhance the predictive accuracy of conflict-related fatalities by focusing on the temporal

sequences and patterns in data. The main goal is to capture variability, rather than

producing overly conservative—flat—predictions around the mean. Variability refers to

the short-term escalation and de-escalation in the number of fatalities over time. The

Shape finder methodology distinguishes itself by using Dynamic Time Warping (DTW)

to compare sequences of casualties across different contexts and time periods. This
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method allows us to align sequences of varying lengths and scales, making it possible

to identify analogous patterns across disparate datasets. By focusing on sequences

rather than isolated data points, the Shape finder predicts potential escalations and

de-escalations in fatality data with greater precision, instead of returning flat forecasts.

Empirical tests of the Shape finder demonstrate its robust performance when com-

pared to three baselines—the null model, the t − 1 model, and the ViEWS ensemble.

The model not only predicts the occurrence and intensity of conflict-related fatalities

with a comparable degree of accuracy to existing models, but also better captures tem-

poral variability—an area where existing models fall short. Existing models tend to

overlook short-term fluctuations and sudden escalations, focusing instead on broader

trends—and quickly revert to the mean. In contrast, the Shape finder can detect and

forecast critical changes ahead of time.

In addition, we construct a compound model that combines the Shape finder and

ViEWS, selecting risk-taking and risk-averse approaches depending on our level of con-

fidence in the predictions. The compound performs better than the constituent models

in terms of both prediction error and the ability to capture variability in fatality data.

The Shape finder is particularly suitable for high complexity input shapes—casualties

time series with high variability—although it does tend to produce overpredictions for

low complexity inputs—time series without significant variability, and therefore without

meaningful ups-and-downs in the number of fatalities.

The remainder of the article is organized as follows. We first review the state of

the art in conflict prediction, and we put forward our theoretical arguments. Then,

we describe the data and methodologies used in this study, including a comprehensive

description of the Shape finder algorithm and its implementation. Finally, we present

the results of our empirical analysis and discuss the implications of our findings.
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Conflict prediction

Conflict prediction has emerged as a thriving subfield of peace and conflict studies

(Chadefaux, 2017; Colaresi and Mahmood, 2017; Hegre, Metternich, et al., 2017; Ward,

Greenhill, and Bakke, 2010). A range of academic early-warning systems exists to

forecast armed conflict, complemented by operational systems used by practitioners.

Rød, G̊asste, and Hegre, 2024 present a comparative review.

Among these systems, the Violence Early-Warning System (ViEWS) stands out,

offering monthly forecasts for the number of fatalities in state-based armed conflict on

a global scale, with projections extending up to three years into the future (Hegre,

Allansson, et al., 2019; Hegre, Bell, et al., 2021). ViEWS employs a sophisticated

ensemble model that incorporates structural variables related to socio-economic, geo-

graphic, and political factors. Another approach by Mueller and Rauh, 2022 relies on

a large text corpus from over 4 million news articles, and extracts topics using Latent

Dirichlet Allocation. Those topics, in addition to a set of variables on conflict history,

are used to predict the onset of organized violence per country-month. Finally, the

ACLED Conflict Alert System (CAST) predicts organized political violence up to six

months ahead, mostly relying on ACLED data as predictors (ACLED, 2023). CAST

forecasts are generated on a global scale, encompassing both national and sub-national

levels. As the review by Rød, G̊asste, and Hegre, 2024 demonstrates, the models assign

a high risk of violent action to a similar set of countries, regardless of the differences

across these systems.

Despite advances in methodology and data collection, conflict prediction remains a

challenging field. Several key issues continue to hinder progress in this area (e.g. Ced-

erman and Weidmann, 2017). The inherent imbalance in conflict data, with peaceful

periods far outnumbering instances of violence, poses significant analytical challenges.
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There is also an ongoing debate among scholars about the fundamental causes of armed

conflict, leading to uncertainties in model specification. The quality and depth of avail-

able data often falls short of what is required for precise predictions, especially in

regions prone to conflict, where data collection can be difficult or dangerous. The ‘hard

problem of conflict prediction’ (Mueller and Rauh, 2022, p. 2442) are conflict onsets,

or rather cases with no prior conflict history. These instances are particularly difficult

to anticipate using structural predictors that measure economic performance, demo-

graphics, or political institutions. Finally, idiosyncratic events—‘historical accidents’

(Cederman and Weidmann, 2017) such as the end of the Cold War or Brexit—are

perhaps impossible to predict.

The rarity of armed conflicts poses one of the most significant methodological chal-

lenges. Rare events occur only infrequently, which means that the dataset has a large

number of zeros (King and Zeng, 2001). Indeed, it has been noted that the distribu-

tion of fatalities is extremely right-skewed. Logit regression and more complex machine

learning algorithms are known to underpredict in the context of rare events (Cederman

and Weidmann, 2017; King and Zeng, 2001). The right-skewed structure of conflict

data encourages risk-averse predictions. For example, a conservative model that exclu-

sively predicts zero fatalities will achieve a low mean squared error (MSE) when dealing

with rare events. Consequently, most models tend to produce risk-averse predictions

that effectively identify a baseline risk of conflict but struggle to detect temporal vari-

ations and sudden shifts in the data. These models produce ‘flat’ predictions close to

the mean value of fatalities. We show examples in Figure 3.

However, capturing variability in fatality data and predicting conflict escalation are

crucial. Accurately identifying when armed conflict will escalate allows for the design of

appropriate responses, rather than assuming a constant level of violence. From a policy

perspective, false negatives are more severe than false positives, as the cost of preparing
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(a) Cameroon (b) Central African Republic

(c) Colombia (d) Niger

Figure 3: Sample predictions. The actual fatalities are shown in black, with the risk-
averse model (ViEWS ensemble) in dotted lines and the risk-taking model (Shape
finder) in dashed lines. The risk-averse model generates flat predictions around the
mean, missing sudden surges and declines. The risk-taking model captures variability,
reflecting the highs and lows more accurately.

for an escalation that does not occur is lower than the human cost of an unmitigated

escalation (Mueller, Rauh, et al., 2024). Thus, a risk-taking model, despite occasional

overpredictions, may be more relevant for policymakers than a risk-averse model. We

define a risk-taking model as a conflict prediction model which can accurately anticipate

the variability in fatalities over time—the ups-and-downs in the number of deaths as

conflict escalates and de-escalates. While occasional overpredictions are unavoidable,

the risk-taking model needs to maintain a low prediction error, comparable to risk-

averse approaches.
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In this article, we introduce the ‘Shape finder’, a novel approach to conflict pre-

diction that complements existing risk-averse models. The main goal is to capture

variability in fatality data, rather than producing ‘flat’ predictions around the mean,

thereby making the Shape finder a risk-taking model (Figure 3). This method identifies

recurring patterns in historical fatality data to inform future predictions. The Shape

finder operates by comparing an input sequence to a comprehensive repository of his-

torical cases, identifying similar shapes or patterns. By focusing on these analogous

historical instances, the model generates predictions based on the principle that similar

patterns tend to lead to similar outcomes. This approach offers a fresh perspective on

conflict forecasting, potentially uncovering insights that traditional risk-averse models

might overlook.

Temporal patterns in fatality data are not mere coincidences but reflect underlying

data-generating processes common to various social phenomena, including armed con-

flicts. We posit that these patterns, arising from the dynamic interactions between gov-

ernments and non-state actors, offer valuable insights into conflict trajectories. Armed

conflicts typically evolve from low-intensity engagements, with rebel groups often mo-

bilizing for years before conflicts escalate to full-scale wars (Malone, 2021). Interactions

between state and rebel group create discernible patterns in fatality data, which are

indicative of future conflict dynamics. By analyzing these patterns, we can infer crucial

information about actor-specific characteristics and strategies, such as relative military

capabilities or tactical approaches, which affect the shapes of the produced patterns.

These insights are challenging to operationalize with existing data.

Our study builds upon and significantly enhances performance of the shape-based

model introduced by Chadefaux (2022). While we maintain a similar pattern-finding

framework, our approach diverges in crucial ways that yield more actionable predic-

tions, with a particular focus on capturing variability in fatality data. The previous
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shape-based model takes one fatality time series as input and obtains the correspond-

ing historical sequences from all other countries. Predicted fatalities are returned as

the weighted average, assigning weights based on the similarity between input and the

specific historical cases. This method produces overly conservative predictions, thus

making it a risk-averse model. In contrast, the updated model considers a limited sub-

set of sequences only when making predictions, selected based on a distance criterion.

This targeted approach allows us to generate more risk-taking forecasts by concentrat-

ing on the most similar historical patterns, rather than using all historical sequences.

Indeed, the Shape finder outperforms the shape-based approach in Chadefaux (2022),

especially in terms of the prediction error (Figure A.13 in the Online Appendix).

Another innovation is the extension of the search window for similar sequences.

While the previous model uses a fixed 12-month window, the updated approach com-

pares sub-sequences ranging between 8 and 12 months. This enables us to identify

similar patterns across different speeds. This flexibility is crucial because conflict dy-

namics can unfold at different paces across various contexts, and a rigid time frame

might miss important recurring patterns that develop over slightly shorter or longer

periods.

A final adaptation relates to how the final predictions are produced. Rather than

calculating the weighted mean, we apply a hierarchical clustering algorithm to the

sequences selected in the comparison process. The centroid of the cluster with the

highest number of observations—the majority cluster—is the final prediction. This

approach enhances the robustness of the prediction by filtering out outlier cases, and by

extension reducing the risk of overpredictions. The clustering process is essential given

that the Shape finder seeks to capture variability, while maintaining a low prediction

error comparable to risk-averse models.
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Patterns in fatality data

The role of patterns in time series data has long been recognized by various disciplines.

For example, ecologists use predator-and-prey models, where predator and prey pop-

ulation sizes increase and decrease in reciprocal cycles (Diz-Pita and Otero-Espinar,

2021). Similarly, epidemiologist have proposed compartmental models to anticipate

the spread of infectious diseases, which are characterized by reciprocal cycles between

susceptible, infectious and recovered rates (Hethcote, 1989). Other disciplines more

closely related to the social sciences have likewise developed theoretical arguments on

temporal patterns. In macroeconomics, researcher investigate business cycles, which are

defined by consecutive economic expansion and recession (Kalecki, 1937). Managing

the business cycle, governments can apply countercyclical fiscal policies to navigate the

expanding and contracting economy. Finally, demographic transition theory describes

the procyclical changes in death and birth rates, where countries transitions from high

fertility-high mortality to low fertility-low mortality (Kirk, 1996).

What the corresponding theoretical arguments have in common is the emphasis

on interactions between ‘actors’, widely understood, which produce countercyclical or

procyclical patterns, where the size of actor a increases as the size of actor b increases

or decreases, and vice versa. Putting actor size into the context of armed conflict,

size indicates the strength of an armed faction in terms of military capabilities, con-

sidering troop size, scope of the military equipment, and access to intelligence. The

military capabilities of the government and the non-state armed group might develop

countercyclical, depending on which side has the upper hand. Alternatively, military

capabilities might be procyclical, where an escalation of one side prompts an escalation

on the other. The higher the military capabilities in total, the more intense the armed

combat and the higher the battle-related fatalities.
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Most relevant in this context, theoretical models on social movements investigate the

chess-like process of tactical innovation and adaptation taking place between protesters

and the state (e.g. Della Porta, 2008; Della Porta et al., 2018; McAdam, 1983; Rød and

Weidmann, 2023; Koopmans, 2007; Tarrow, 2011). As protest erupts, the government

is likely to respond with state repression (Davenport, 2007). In light of state repression,

the protest group needs to change tactics, making them more resilient to the government

(McAdam, 1983). In reaction to the tactical innovations on the protesters’ side, the

government is likely to adapt its repression apparatus, offering a more effective way of

keeping protesters in check. Tactical innovations and adaptations are countercyclical

processes, and are likely to produce recurring patterns in sequences of protest events,

where protest intensity consecutively increases and decreases.

We expect that the countercyclical relationship of tactical innovation and adaptation

applies to other forms of political contention as well, such as armed conflict. Continued

interactions between the government and a non-state armed group would therefore

produce recurring patterns in sequences of fatalities. Leveraging these patterns, we

can infer information about actor characteristics, such as relative military capabilities

or tactical approaches, which are likely to affect the shapes of the produced patterns.

Hence, those patterns contain information about the larger dynamics in armed conflict,

and are therefore indicative of the future.

The expectation of temporal patterns in conflict fatality data can also be supported

by broader theories of human behavior and organizational dynamics. One founda-

tional concept is the idea of feedback loops in complex systems, which often drive the

emergence of predictable patterns over time. In armed conflicts, these feedback loops

can manifest as reinforcement or deterrence cycles between opposing forces, where the

behavior of one side depends on the behavior of the other side (e.g. Axelrod, 1990;

Pierskalla, 2010; Young, 2013). For example, an increase in government military action
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may provoke an escalation in retaliatory attacks by insurgents, which in turn could lead

to further government responses. This cyclical dynamic, shaped by strategic decision-

making and resource availability, creates the conditions for recurring patterns in conflict

fatalities.

Furthermore, armed groups and governments operate under constraints of limited

information and resources, leading them to make incremental adjustments based on

observed outcomes. These adjustments are often reactive and take time to implement,

creating lags in the system. Such lags can give rise to periodicity in conflict intensity,

as actors respond to perceived threats or opportunities in ways that inadvertently syn-

chronize their actions with the opposing side. This phenomenon parallels oscillatory

dynamics and is also observed in other systems, such as labor strikes and employer nego-

tiations (Dosi, Usula, and Virgillito, 2024), where actions by one side spur proportional

or mirrored reactions from the other.

Finally, the persistence of patterns in conflict fatalities can also be tied to resource

mobilization and exhaustion. Armed conflicts are sustained by material and human

resources, which are not infinite. Periods of intense fighting often deplete these re-

sources, necessitating a temporary lull for reorganization and replenishment (Powell,

2004; Slantchev, 2003). This ebb and flow of resources naturally produces periodic

peaks and troughs in conflict fatalities. Furthermore, the role of external actors, such

as international mediators or arms suppliers, can amplify these patterns by influencing

the timing and scale of engagement between warring parties (Beardsley, Cunningham,

and White, 2019; Lacina, 2006; Regan, 2002).

Taken together, these theoretical perspectives illustrate how the interplay of strat-

egy, resource dynamics, and adaptive behavior can produce recurring sequences. Iden-

tifying and understanding these patterns not only sheds light on past interactions but

also offers a basis for anticipating future developments.
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Data

The Shape finder is an autoregressive model. Data for the input and output—the

number of fatalities in state-based armed conflict—are obtained from the Georefer-

enced Event Dataset published by the Uppsala Conflict Data Program (UCDP GED)

(Sundberg and Melander, 2013). The event data are aggregated at the country-month

level, which serves as the unit of analysis. We include fatalities from state-based armed

conflict, using the best estimate.6 State-based armed conflict refers to armed conflict

where at least one side is the government of a country (N. P. Gleditsch et al., 2002).

The spatial coverage is defined according to the countries listed in K. S. Gleditsch and

Ward (1999), and the temporal coverage is based on UCDP methodology—1989 until

2023.7

We use two test partitions to validate the performance of the Shape finder, one for

the year 2022 and another for the year 2023. The training data spans from 1989 to

2020 for the 2022 test set, and from 1989 to 2021 for the 2023 test partition. This setup

allows us to use historical data to predict outcomes for each respective year, while years

2021 and 2022 are used to generate the input sequences. When tuning hyperparameters

of the Shape finder, we use the year 2021 as validation data, obtain the input sequences

from 2020, and use 1989 to 2019 as training data.

We compare the performance of the Shape finder with the ViEWS ensemble. The

ViEWS ensemble has been refined and improved since its first introduction in 2019,

and can be seen as the state of the art in conflict prediction. From the updated ViEWS

6The UCDP GED dataset offers three estimates of fatalities for each event: a low estimate; a
best estimate, reflecting the most reliable count from the source; and a high estimate—the maximum
reliable count.

7For easy access, the data are downloaded via the ViEWS data API. More specifically, we down-
load predictions for all months in 2022 from the fatalities001 2022 00 t01 model and predictions for
all months in 2023 from the fatalities001 2023 00 t01 model, thereby using a 12-month prediction
horizon. A list of all available data compiled by ViEWS can be found at, https://github.com/prio-
data/views api/wiki/Available-datasets. We use the version of the data downloaded in April 2024.
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ensemble (Hegre, Akbari, et al., 2022), which predicts fatality counts, we obtain pre-

dictions for all months in 2022 based on data up to 2021, and predictions for all months

in 2023 based on data up to 2022, thereby using forecasts for the 12-month prediction

horizon. The training-test data split is informed by the ViEWS set-up, in order to

enable a comparison between ViEWS and the Shape finder.

Methods

The Shape finder identifies recurring shapes in fatality data to predict future trends.

This involves two steps. First, a reference repository is created by comparing each

input sequence with all historical cases and storing the closest matches. The similarity

between the input sequence and the references is measured using Dynamic Time Warp-

ing (DTW), which allows for time-shifts when comparing the shapes of time sequences.

Second, this repository is used to predict the next twelve months by clustering the fu-

tures of the matched sequences. The prediction is the centroid with the highest number

of observations. Figures 4 and 5 illustrate the Shape finder algorithm.

Creating the reference repository. The input sequences are the last 10 months

before the testing period for each country.8 The reference repository p is constructed by

partitioning each country’s historical data into overlapping 10-month sequences using

a rolling window approach. For example, Mozambique’s sequences include January

to October 1995, February to November 1995, and so on. We also consider changing

the window (win) to ±2 months (i.e. sub-sequences ranging from 8 to 12 months)

to account for temporal variations in the speed of events.9 This generates a set of N

8The input sequence spans March 2021 to December 2021 for the 2022 testing set, and March 2022
to December 2022 for the 2023 set.

9Our findings are not substantially affected by slight changes in win (Figure A.13 in the Online
Appendix), so we opt for a shorter window length for computational costs reasons.
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sequences derived exclusively from the training data. We compare each input sequence

s to all sequences in the reference set p using Dynamic Time Warping (discussed below).

Only the most similar sequences are retained, creating a filtered reference repository

pfiltered. This ensures that only the most analogous patterns are considered for future

predictions.

Figure 4: The input sequences consist of the last 10 months prior to the testing period.
The reference repository p contains overlapping sub-sequences of 8–12 months. For each
input sequence s, only the most similar sub-sequences are retained in the filtered repos-
itory pfiltered. Similarity is measured using Dynamic Time Warping, and a sequence is
included if its distance to s is below a set threshold.

We use Dynamic Time Warping (DTW) to measure the similarity between our input

sequence s and the sequences in the reference repository p. DTW is a widely used time

series alignment technique that quantifies the similarity, or distance, between time

series data (Keogh and Ratanamahatana, 2005). Unlike traditional methods, DTW

finds the optimal alignment between two time series without being restricted to fixed

temporal indices. It compares each data point in the first time series with all data

points in the second, matching each to its closest counterpart. This makes it possible

to stretch or compress the axis in time, which produces a new alignment between the
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two sequences.10

Using Dynamic Time Warping (DTW) as a distance metric for sequence comparison

offers several advantages—most notably its invariance to time shifting and stretching.

Traditional distance metrics, like the Euclidean distance, are sensitive to temporal

distortions, making them less suitable for comparing time series data where temporal

shifts are common (Keogh and Ratanamahatana, 2005). Consider the following three

sequences: a = [1, 2, 3, 2, 1], b = [2, 3, 2, 0.5, 1] and c = [1, 3, 1]. All three sequences have

the same basic shape—first up, then down. Yet, standard approaches such as regression

or the Euclidean distance are unable to find similarities between these sequences due

to a strict case-by-case comparison. In contrast, DTW can align sequences that may

have similar patterns but occur at different speeds or scales. Additionally, this method

accommodates slight variations in sequence lengths when making comparisons, which

further increases the flexibility of the approach (T. Wong and M. Wong, 2003). The

DTW distance between a and b is 1.118 versus 2.291 for the Euclidean distance. The

DTW distance between a and c is 1.414, while the Euclidean distance is undefined in this

case due to their differing lengths. DTW is therefore ideal for matching sequences in our

dataset of country-month fatalities, where temporal variations are natural occurrences.

After calculating the distance for each pair of input and historical subsequence, we

filter out the sequences that do not closely match subsequence s. More precisely, we

keep a past subsequence su≤t in the set only if dist(s, su≤t) is below a certain threshold

(dist). The threshold is initiated as dist(s, su≤t) = 0.1, and increases by 0.1 until there

are at least five reference subsequence in pfiltered. The filtered set of past subsequences is

then used to make predictions. Considering only a filtered set of past sequences pfiltered

10In technical terms, Dynamic Time Warping calculates the shortest path through a cost matrix,
which is generated from the distances between every pair of points in the two time series. This
optimal alignment is identified by minimizing the cumulative distance, subject to constraints that
ensure continuity and locality in the alignment path. The Dynamic Time Warping distance between
the two sequences is determined by the sum of these aligned distances.

49



yields riskier predictions, given that only the most similar reference series are taken

into account.

The threshold dist is a hyperparameter of the Shape finder to control the size

of the filtered reference repository. A higher threshold results in a more diverse set

of references, considering historical cases with a higher dissimilarity in shape. The

hyperparameter is optimized by calculating out-of-sample predictions for various values

of dist in a validation period (the 12 months of 2021) and selecting the value that

yields the best performance, dist = 0.1 (Figure A.1 in the Online Appendix). Our

findings either do not change substantively or performance worsens when increasing

the threshold dist, which enlarges the size of the filtered repository by construction

(Figure A.13 in the Online Appendix).

Predictions. For each input sequence s (the last 10 months prior to the testing

window), we access the sequences stored in the filtered repository of historical cases

pfiltered. From each reference sequence, we extract the future, which is the number of

fatalities for the next 12 months following that reference sequence.11 We then use these

futures to make predictions for our input sequence s. The model returns predictions

for all input sequences that are not flat, meaning they have at least one month with

non-zero fatalities. For flat input sequences, the model predicts zeros for the next 12

months. In those cases, predicting zero is the best guess.12 We use this step to speed

up computation, given that flat inputs are passed on and the Shape finder algorithm is

not applied in those instances.

To obtain predictions, we apply the agglomerative hierarchical clustering algorithm,

11To prevent data leakage, we discard all references whose future lies within the test data period.
12Indeed, for the majority of flat input sequences in our sample, the future 12 months are flat

as well (86%). To ensure a fair comparison with ViEWS, we demonstrate that including a similar
approach in the ViEWS forecasts does not significantly change the performance (Figure A.2 in the
Online Appendix).
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Figure 5: Agglomerative hierarchical clustering. The five sequences on the left, part of
pfiltered, are used as input to the agglomerative hierarchical clustering. On the right, the
two scenarios created by the clustering are displayed. The centroid from the majority
cluster is selected as the prediction (scenario 1 here).

using the futures of the sequences in the reference repository as input. The predicted

outcome is the centroid of the cluster with the highest number of observations (the

‘majority cluster’). This clustering approach has the advantage of grouping similar fu-

tures together, which enables the identification of common patterns that might indicate

recurring trends. Further, considering clusters rather than individual sequences reduces

noise and discards outlier cases.

Agglomerative hierarchical clustering works by repeatedly merging observations into

larger clusters based on similarity until all cases are assigned to one single group at the

top (Müllner, 2011). A cut-off value (cut) is used to control the depth of the clustering

tree, thereby specifying the final number of clusters. Selecting a lower value for cut

leads to a lower cut-off value in the clustering tree and by extension a higher number

of clusters. We refine the hierarchical structure by optimizing the cut-off value brute-

force, which means that cut is another hyperparameter of the Shape finder algorithm.13

13The threshold with the lowest out-of-sample prediction error is selected, in this context cut =
horizon

3 = 12
3 = 4, where horizon refers to the prediction window of 12 months. More specifically, we

use the 12 months in 2021 as validation data to optimize the hyperparameters of the Shape Finder
dist and cut (Figure A.1 in the Online Appendix)
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While we optimize cut using the validation data (the 12 months in 2021), increasing

or decreasing the value of cut slightly does not significantly change the performance

(Figure A.13 in the Online Appendix).

Based on the clustering solutions, we derive predictions for the next 12 months. We

first select the cluster with the largest number of sequences—the majority cluster—and

calculate the centroid, which is the average of all sequences in that cluster. That cen-

troid is our prediction for the 12 months following the input sequence.14 This approach

ensures that we select the most robust future—the one which is substantiated by the

highest number of observations—thereby circumventing any sparsity concerns due to

low numbers of cases assigned to each cluster.15

Compound model

Risk-averse and risk-taking models offer complementary strengths in conflict predic-

tion. While risk-averse models excel at forecasting high-intensity conflicts based on

recent history, they may overlook the potential escalation of medium-intensity cases

(Hegre, Akbari, et al., 2022). In other words, risk-averse models are good at predicting

a baseline risk of armed conflict accurately, while they cannot capture sudden surges

and declines in fatality data. These models are risk-averse because they perform well in

terms of average error, and they produce fewer overpredictions. Simultaneously, they

cannot address variability and miss important short term developments. Understanding

when medium-intensity cases escalate to full-scale war is particularly important for pol-

icymakers, potentially allowing them to intervene before a more substantial escalation

of violence (Mueller and Rauh, 2022).

14If the probabilities are uniform, i.e. no clear cluster stands out even after applying the cut-off, we
use the average of all future sequences as the prediction without further clustering.

15The average number of cases contained in the majority cluster is 66, with a standard deviation of
97.
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This is the strength of a risk-taking approach—the Shape finder—which seeks to

capture variability in fatality time series. However, taking risks does not always pay

off, and such models are more prone to overpredictions. The effectiveness of this risk-

taking approach depends on the model’s confidence in its predictions. To optimize our

forecasting, we must determine when the potential benefits of risk-taking outweigh its

costs. We aim to leverage the strengths of both risk-averse and risk-taking models by

constructing a compound model.

The Shape finder requires sufficient observations in the historical dataset to produce

accurate estimations. An insufficient data basis may lead to predictions being highly

affected by outliers, making the model prone to overpredictions. Hence, we propose

a compound model that includes predictions from the risk-taking Shape finder when

confidence in the prediction is high. The ViEWS ensemble—a risk-averse model—is

selected when confidence is low or when the severity of the input is too high, resulting

in an elevated risk. An overprediction for high severity cases is likely to drive up the

prediction error.

Based on these considerations, the compound employs two selection criteria—the

severity of violence and the confidence level of the Shape finder. First, a risk-averse

model might perform better for high intensity cases, given that any type of overpredic-

tion would lead to a high error. The severity of violence is indicated by the number

of fatalities—the higher the fatalities, the higher the severity. Second, we use the clus-

tering results as an indication of the confidence in our prediction. The confidence in

the Shape finder is quantified by the relative frequency of cases assigned to the major-

ity cluster, normalized by the logarithm of the number of observations. We select the

Shape finder for cases where the observed pattern has occurred more than three times

in the past and at least 50% of the historical futures of that pattern fall within the

majority cluster. These two components are important for a sufficient understanding
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of a specific pattern and its projected outcome, and produce a compound model where

66% of the predictions are from the Shape finder, and 33% from ViEWS.16

Evaluation

We compare the performance of the Shape finder to three alternatives—the ViEWS

ensemble and two baselines. The first baseline—the null model—predicts zero fatal-

ities for all country-months. The second baseline—the t − 1 model—uses the input

sequence as prediction. These baselines may appear simplistic. However, forecasting

that fatalities are zero or will remain consistent with the immediate past is a robust

prediction due to the highly skewed nature of fatality data. Indeed, the null model is

challenging to beat in terms of prediction error, since a large fraction of observations

actually do take a value of zero. The t − 1 model may mirror how practitioners make

predictions in the field. In the absence of any other information, someone in the field

is likely to predict a continuation of the fatalities from the previous month. Ideally,

we would also like to compare the Shape finder to an operational conflict prediction

system. However, these are run by governments or private entities, and predictions are

therefore not publicly available (see Rød, G̊asste, and Hegre, 2024).

The ViEWS ensemble is a more sophisticated approach and combines predictions

from a variety of thematic models, using variables on among others conflict history,

economic development and political institutions (Hegre, Akbari, et al., 2022). The

ViEWS model was first introduced in 2019 and is arguably the most advanced conflict

prediction model accessible to the public. The ViEWS ensemble is therefore our primary

comparison for assessing the Shape finder’s performance. Our aim is not to position

these models as competitors, but rather to explore how risk-averse and risk-taking

16See Figure A.3 in the Online Appendix for more details on the compound selection.
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approaches can complement each other, along the unique strengths of both approaches.

The risk-averse model can capture a baseline risk of armed violence, and the risk-

taking model is able to mirror variability in fatality time series, despite occasional

over-predictions. The goal is to generate predictions that can capture variability, while

maintaining a prediction error similar to existing approaches.

We report two evaluation metrics. The first is the mean squared error (MSE), a

standard metric which reports the average prediction error. More formally, the MSE

is defined as the average of the squared differences between predicted and observed

values, MSE = 1
n

∑n
i=1(Yi − Ŷi)

2. Despite its ubiquity, the MSE has severe limitations

because of its propensity to reward overly conservative forecasts when the data distri-

bution is skewed (Hossin and Sulaiman, 2015). Because conflict fatalities are heavily

skewed, optimizing on the MSE can encourage risk-averse predictions. Predicting zero

fatalities for all country-months yields a low MSE because most countries are at peace

most of the time. This is exacerbated by the square term in the MSE, which severely

punishes deviations from observed values, and therefore encourages conservative pre-

dictions. Indeed, judging by the MSE alone, there is no significant difference between

the predictions of ViEWS and those of a model that only predicts zero (Figure 6).

The MSE does not reward predictions that capture the variability of rare events.

Yet, we believe that this variation—the changes over time, rather than the repetition of

the last observation—is of main interest. Indeed, relying solely on MSE might mask the

model’s shortcomings in identifying variability in fatality data. Therefore, our second

evaluation metric is designed to measure the algorithm’s ability to capture changes

in the number of casualties, rather than capturing a stable value. To this end, our

metric quantifies the degree to which our forecasts successfully detect and represent

shifts, surges, or declines in casualties. We use the difference of the predicted variation,

exponentially and difference weighted, to reward good predictions of peak values. This
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metric, which we call the Difference Explained (DE) is defined as

DE =
1

n

∑
e−k|∆ŷ−∆y

∆y
|, (1)

where ŷ is the predicted change, y is the actual change, n is the number of predictions,

and k is a balancing factor discussed below. ∆ refers to the change from t− 1 to t (i.e.

yt − yt−1).

This metric offers several advantages for evaluating the accuracy of time series pre-

dictions. First, DE captures the deviation between the predicted and actual changes

in the time series data (|∆ŷ −∆y|). Second, the inclusion of an exponential term with

balancing factor e−k introduces a nonlinear weighting that penalizes larger deviations

between predicted and observed changes. Here we set k = 5.17 Finally, the term ∆y

assigns greater weight to predictions around larger actual changes and hence rewards

good predictions at critical junctures. Larger DE values indicate a model that better

captures variability.

In addition, we want to reward accurate predictions with a time shift of a single

month—these are cases where a peak in fatalities is predicted either one month too

early or one month too late. To allow for this time flexibility, the DE at ∆yt−1 and

∆yt+1 is obtained and a penalty of 50% is applied, meaning that the DE at t−1 and t+1

is multiplied by 0.5. The final DE value is the maximum of these three values—t− 1,

t, or t + 1. This approach rewards accurate peak predictions, even with a one-month

17The metric’s sensitivity to errors at critical peaks requires careful selection of the balancing factor
k, here set to 5. Using the results from a data experiment (Figure A.4 in the Online Appendix), factor k
is chosen to ensure that the metric rewards risky predictions while maintaining reasonable accuracy. To
that end, we created a fictional time series and tested three prediction models—a risk-averse model,
a risk-taking model, and an overly risky model. The risk-taking model performs best at capturing
variability in the time series, accurately predicting the peaks. Using a balancing factor of 5, rather
than 1 or 10, assigns the highest DE to this model. As a robustness check, however, we confirmed
that our main findings do not change significantly when increasing or decreasing the balancing factor
k (Figure A.5 in the Online Appendix).
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lag. Indeed, a one-month lag can be considered a minor deviation, given the model’s

12-month prediction horizon. Overall, the DE metric is particularly useful in scenarios

where the prediction of peak values is important.18

Results

A conflict prediction model would ideally perform well on both tasks—minimizing the

prediction error and capturing meaningful variation in fatalities. The null model has

a low prediction error, since most country-months experience zero fatalities—the data

is highly skewed. However, such a model entirely misses variability—sudden surges

or declines. The t − 1 model might be able to capture some variability, but makes

larger errors because of its simple algorithm. The ViEWS ensemble and the Shape

finder address both tasks—having high accuracy and the ability to capture variability.

However, ViEWS as a risk-averse model has higher accuracy, while the Shape finder as

a risk-taking model has better ability to capture variability (Figure 6).

Compound model. Our main findings are summarized in Figure 6, which shows

the difference explained (DE) and mean squared error (MSE) for each model compared

to the compound. More specifically, we calculate the log-ratio for each metric, taking

the compound as base.19 For DE, a negative log-ratio signifies that the compound

performs better than the reference model. For MSE, a positive log-ratio means that

the compound is the better performer. The best performing models are located in the

upper right quadrant, since we reversed the MSE axis now showing the accuracy ratio.

All model variants—the Shape finder, the ViEWS ensemble and the two baselines—

18We illustrate the difference between MSE and DE in Figure A.6 in the Online Appendix. In Figure
A.7 in the Online Appendix, we demonstrate further that using DTW as a metric does not change our
findings.

19In other words, the log-ratio is defined as log
(

mmodel

mcompound

)
, where m ∈ {MSE,DE}.
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Figure 6: Mean log-ratio for difference explained (DE) and mean squared error (MSE).
The log-ratios are computed using the compound as base. For DE, a negative log-ratio
signifies that the compound outperforms the reference model. Conversely, for MSE,
a positive log-ratio indicates that the compound performs better. For visualization
purposes, we reverse the MSE axis, now showing the accuracy ratio. Superior models
are located in the top-right quadrant. Vertical and horizontal bars represent the 95%
confidence intervals around the mean for each metric. We calculate the confidence
intervals as ±1.993 ∗ Standard deviation/

√
n, where 1.993 corresponds to the critical

value of t with 73 degrees of freedom.

have a negative log-ratio on DE and a positive log-ratio on MSE. This means that

the compound outperforms all other model variants, both in terms of having a lower

prediction error and in terms of accurately capturing the variability in fatality data.

The compound is able to combine the strength of ViEWS and the Shape finder.20

Next, we examine under which conditions the Shape finder works particularly well

or poorly, in comparison to the ViEWS ensemble. We consider three characteristics

of the input sequences—the standard deviation of the input sequence, the standard

deviation of the differentiated input sequence, and the mean of all data points in the

input sequence. These three measures indicate the level of variability—a high mean

20Results for different forecasting horizons are presented in Figure A.8 in the Online Appendix.
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value and a low standard deviation of the differentiated series suggests that the fatality

sequence has substantial surges and declines. Plotting these characteristics against each

other reveals clusters of cases with a positive MSE log-ratio (ViEWS as base and Shape

finder as reference), suggesting that the Shape finder performs better, and clusters of

cases with a negative MSE log-ratio, implying that ViEWS has a lower error.21

The Shape Finder model works particularly well for complex input shapes, which

have a high average value and a small standard deviation of the differentiated series.

Those two characteristics refer to sequences with substantial variability (Figure A.12 in

the Online Appendix), other than flat time series, with single peaks, which would result

in a high standard deviation of the differenced series and a low mean value. In these

cases, ViEWS often produces either overpredictions or overly conservative forecasts.

For input shapes with low complexity, having low average values and high standard

deviations—typically time series with single peaks and flat trajectories (Figure A.12 in

the Online Appendix)—the Shape Finder tends to overpredict, while ViEWS provides

more accurate forecasts.

Well-performing cases. In Figure 7a, we present the cases in the well-performing

cluster with the highest MSE log-ratio. For the first two inputs, we observe that

the ViEWS ensemble tends to overpredict, likely due to the high mean value in the

input shapes. This overprediction might explain why the Shape finder achieves higher

accuracy for those cases, in addition to capturing variability.22 This contradicts the idea

that risk-averse models systematically underpredict fatalities. For the last two input

series, we observe that the ViEWS ensemble produces overly conservative predictions

ranging around the mean, while the Shape finder is able to capture the variability. This

21For further details on the selection process, see Figure A.9 and A.10 in the Online Appendix.
22To determine if this observation holds across the entire dataset, we analyze all cases with this type

of input. We find a significantly lower MSE for complex inputs when compared to more simplistic
patterns, reinforcing our previous interpretation (Figure A.11 in the Online Appendix).
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is in line with our discussions on risk-averse and risk-taking models.

(a) High-performers (b) Low-performers

Figure 7: Comparison of input series and predictions for best (a) and worst (b) cases.
Input series are to the left of the vertical line. The black line represents actuals, the
dotted line represents ViEWS predictions, and the dashed line represents Shape finder
predictions. For high complexity input series with substantial variability (a), Shape
finder provides more accurate predictions and captures variability, while ViEWS either
over- or underpredicts. For low complexity (b), Shape finder produces overpredictions,
while ViEWS offers more accurate forecasts.

Poorly-performing cases. In Figure 7b, we present the cases in the poorly-performing

cluster with the lowest MSE log-ratio. Low complexity input series lead the Shape finder

to overpredict, sometimes significantly. This issue may arise because the model allows

a pattern with a low cumulative sum of fatalities to be matched with a high sum case.

Patterns with one or two peaks otherwise surrounded by zero fatalities typically oc-

cur in low-intensity contexts. When high-intensity cases share these patterns, they are
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matched with low-intensity cases, causing overpredictions.23

(a) Well-performing, high complexity cases. (b) Poorly-performing, low complexity cases.

Figure 8: (a) Well-performing input sequences, selected due to having a high mean
value and a low standard deviation of the differentiated input sequence. These are high
complexity cases, presenting multiple ups and downs in the number of fatalities. The
Shape finder seems particularly suitable for those types of cases. (b) Poorly-performing
input sequences, selected due to having a low mean value and a high standard deviation
(UK=United Kingdom, PNG=Papua New Guinea). These are low complexity cases,
presenting single peaks in the middle of zero fatalities. The Shape finder produces
overpredictions in those cases, and ViEWS seems more suitable.

Characteristics of well- and poorly-performing cases. Finally, we investigate

the characteristics of well- and poorly-performing input sequences. For well-performing

cases, we randomly sample sequences with a high mean value and low standard de-

viation of the differentiated sequence (Figure 8a). For poorly-performing cases, we

randomly select observations with a low mean value and a high standard deviation

(Figure 8b). These are the characteristics which serve to identify clusters of well- and

poorly-performing cases, when comparing the Shape finder to the ViEWS ensemble (for

further details, see Figure A.9 and A.10 in the Online Appendix).

The high performing cases correspond to high complexity series, showing high vari-

23For instance, an increase from 2 to 10 fatalities is not equivalent to an increase from 2,000 to
10,000. This hypothesis is supported by the data in Table A1 in the Online Appendix, where the scale
of the input sequences is compared to the scale of the matches. In line with our suggestions, over 50%
of the matched patterns have a lower intensity than the input sequence, except for Uzbekistan 2022.
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ability with several ups and downs. These shapes have a high mean and a low standard

deviation of the differentiated input. Combining those two characteristics reveals se-

quences with substantial variability, in contrast to flat time series, with single peaks,

having a high standard deviation of the differenced series and a low mean. The charac-

teristics of high complexity inputs are most pronounced in Afghanistan, India, Colom-

bia, and the Philippines, all countries with high battle activity (Figure 8a). In other

words, the Shape finder performs well when there is substantial armed violence.

For the poorly-performing clusters, we find mostly cases with low complexity, where

the input sequences have a relatively low mean value and high standard deviation.

These low complexity inputs are characterized by one or two peaks or a small plateau

of elevated values followed by a sharp decline, or in other words, low variability. The

poorly-performing cluster contains cases such as Spain, Djibouti, the United Kingdom

(UK), and Papua New Guinea (PNG) presenting single peaks in fatality counts, and

otherwise a value of zero.24

Robustness checks. To ensure the robustness of our findings, we conduct a series of

tests in addition to tuning the Shape Finder’s hyperparameters dist and cut. The tests

fall into two main categories—robustness to model specification changes and robustness

to variations in model evaluation.

First, we find that changing the window length (win) from ±2 (i.e. 8–12 months)

to ±0, ±1 or ±3 months does not significantly affect performance (Figure A.13 in the

Online Appendix). However, larger windows significantly raise computational costs,

24We verify the time series characteristics of well- and poorly-performing cases against the catego-
rization into low- and high-complexity cases, by randomly selecting sequences with a high mean and
a low standard deviation of the differentiated series and cases with a low mean and a high standard
deviation. Indeed, cases with a high mean and a low standard deviation of the differentiated series
are highly complex, showing multiple ups and downs in the number of fatalities (Figure A.12 in the
Online Appendix). Conversely, time series with a low mean and a high standard deviation show low
complexity, with flat time series and single peaks in the number of fatalities.
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such that enlarging the window beyond what we use becomes prohibitively costly. We

also explore alternative prediction approaches, including methods that do not involve

forecasting based on the majority cluster. One alternative approach involves select-

ing the closest matches without employing clustering—for instance, directly predicting

the future of the input sequence based on the future of the most similar historical

pattern. We evaluate the use of the best one, three, and five matches as predictive

references; however, this approach significantly underperforms compared to the Shape

Finder methodology (Figure A.13 in the Online Appendix). The primary issue with re-

lying on the top matches is the increased likelihood of selecting futures based on outlier

cases, which undermines the robustness and reliability of the forecasts.

As a placebo test, we also validate the performance of randomly selecting references

from the repository instead of using the matched sequences. As expected, this approach

leads to a notable decline in performance, particularly in terms of mean squared error

(MSE), as shown in Figure A.13 in the Online Appendix. This outcome underscores the

inherent challenge of simultaneously improving both the MSE and the explained vari-

ance. Another placebo test involves generating predictions using clusters other than the

largest ones. As expected from our premise that larger clusters represent more consis-

tent and reliable patterns, predictions based on smaller or non-dominant (e.g. median)

clusters result in less accurate forecasts, which reinforces the importance of focusing on

the majority cluster for robust predictions (Figure A.14 in the Online Appendix). This

finding aligns with the expectation that when past sequences consistently converge on

a particular outcome, that outcome serves as the most reliable predictor for similar

patterns.

We also verify that the predictions are well calibrated, meaning that when Pr(Cluster A) =

90%, the future belongs to Cluster A about 90% of the time. This would further sup-

port the conclusion that the clusters contain meaningful and predictive information.
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We therefore assign each future to a cluster and check whether it matches the majority

cluster. While calibration is not perfect (Figure A.15 in the Online Appendix), we do

observe that higher probabilities for a cluster (e.g. Pr(Cluster A) = 90%) correspond

to more consistent and predictable futures. Finally, we also confirm that our main

findings do not change significantly when increasing or decreasing the balancing factor

k in the DE formula (Figure A.5 in the Online Appendix). And we demonstrate that

using the DTW distance between predicted and actual futures as a metric instead of

DE does not change our findings either (Figure A.7 in the Online Appendix).

Discussion. The Shape finder offers several advantages in comparison to existing con-

flict prediction models. First, identifying similar historical cases enhances interpretabil-

ity, enabling researchers to understand how specific predictions are generated—a key

characteristic of a trustworthy model (Maśıs, 2023). Related to this, the inner-workings

of the Shape finder are transparent and can easily be comprehended by humans, which

is an advantage over similar approaches using deep learning (e.g. Liao et al., 2022; Vafa

et al., 2024). This is particularly important in conflict prediction, where practitioners

are likely concerned about the trustworthiness of black-box predictions. Second, the

Shape finder is entirely autoregressive, requiring no covariates unlike ViEWS and other

prediction models. This is particularly advantageous given that most social science data

are rarely available at a disaggregated level, making them difficult to use in machine

learning applications for complex phenomena such as armed conflict.

Our approach of adjusting the reference repository leads to substantial improve-

ments compared to previous methods that consider all historical cases without filtering

(Chadefaux, 2022). By including only the most analogous cases in the reference reposi-

tory, the Shape finder produces more dynamic and accurate forecasts. While the Shape

finder has limitations, such as the inability to predict fatalities following a flat period,
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so-called onset cases, its biggest advantage remains its simple autoregressive set-up.

Requiring only fatality data and no other correlates, the simple Shape finder achieves

performance comparable to much more complex models, such as ViEWS (Figure 6).

The ViEWS ensemble combines several constituent models, with at times hundreds

of variables (Hegre, Akbari, et al., 2022). This architecture likely requires substantial

computational resources. In contrast, predicting 12 months for all countries takes the

Shape finder less than 2 hours on a regular desktop computer.

Anticipating conflict onsets—the ‘hard problem of conflict prediction’ (Mueller and

Rauh, 2022, p. 2442)—is another area where current conflict prediction models fall

short. Based on the autoregressive set-up of the Shape finder, our model cannot fore-

cast conflict onsets either, i.e. the model returns flat predictions based on flat input

sequences. Countering this shortcoming, one possible alternative could be a compound

model, combining an onset model with the Shape finder. Incorporating variables with

more variation, such as news topics (Mueller and Rauh, 2018) or protest indicators,

might help address the challenge of predicting conflict onsets.

Conclusion

Conflict prediction has evolved as a thriving subfield of peace research due to its prac-

tical relevance (Hegre, Metternich, et al., 2017) and potential for theory validation

(Colaresi and Mahmood, 2017). However, forecasting fatalities in armed conflict re-

mains a challenging prediction task. The right skewness of fatalities often leads to

overly conservative predictions close to the mean, resulting in risk-averse models which

struggle to account for sudden surges and declines in violence. While these models

produce accurate predictions when judged by the mean squared error, they fall short in

capturing the variability crucial for practitioners seeking to intervene before substantial
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escalations of violence (Mueller and Rauh, 2022).

This article introduces the ‘Shape finder’, a risk-taking approach designed to com-

plement existing risk-averse methods in conflict prediction. The Shape finder’s primary

advantage lies in its ability to explain variability in fatalities, including sudden esca-

lations or de-escalations. By finding recurring patterns in time series of fatalities and

filtering the most similar historical cases into a reference repository, the Shape finder

produces more dynamic forecasts. This approach is based on the assumption that sim-

ilar patterns in the past lead to similar patterns in the future. Patterns in fatality data

represent observable implications of interactions between governments and non-state

armed groups.

To leverage the unique advantages of both risk-averse and risk-taking approaches, we

constructed a compound model combining the Shape finder and the ViEWS ensemble

(Hegre, Akbari, et al., 2022)—the most sophisticated prediction model in the field. The

compound model is constructed based on the confidence in the Shape finder predictions

and the severity of violence, and performs significantly better than both constituent

models and two technical baselines—the null model and the t− 1 model. Notably, the

Shape finder excels in high complexity cases with multiple fluctuations, where ViEWS

tends to produce overpredictions or overly conservative forecasts. Conversely, ViEWS

performs better in low complexity cases, where the Shape finder tends to overpredict. In

simple words, the Shape finder is particularly suitable when there is substantial armed

conflict.

In conclusion, the Shape finder offers a valuable complement to existing risk-averse

approaches in conflict prediction. Its ability to capture variability in fatalities, cou-

pled with its interpretability and autoregressive nature, makes it a promising tool for

researchers and practitioners in the field of peace research and conflict studies. The

Shape finder is likely helpful to study social phenomena with a similar data struc-
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ture than armed conflict—in particular, rare events, such as protest, riots, and violence

against civilian. The theoretical arguments put forward here likely apply to other forms

of armed violence and political contention more generally—the interactions between the

state and an opposition group produce recurring patterns in sequences of events, which

are indicative of the future.
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Replication data

The dataset and do-files for the empirical analysis in this article, along with the Online

Appendix, are available at https://www.prio.org/jpr/datasets/ and https://github.com/T-

homasSchinca/ShapeFinder conflict. All analyses were conducted using Python 3.8.5.
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Abstract

Understanding how conflict events spread over time and space is crucial for
predicting and mitigating future violence. However, progress in this area has
been limited by the lack of methods capable of capturing the intricate, dynamic
patterns of conflict diffusion. The complex nature of those trends needs flexibil-
ity in the models to untangle them. This study addresses this gap by analyzing
spatio-temporal conflict fatality data using an innovative approach that trans-
forms the data into three-dimensional patterns at the PRIO-grid level. First,
our research investigates pattern redundancy and identifies potentially dangerous
patterns preceding conflict outbreaks. By applying the Earth Mover’s Distance
(EMD) algorithm, we detect and classify these patterns, allowing us to compare
and match patterns with high adaptive capacity in all dimensions. Using his-
torical similar patterns, we generate predictions of conflict fatalities and compare
these with forecasts from the VIEWS ensemble model, a leading benchmark. Our
findings demonstrate that recognizing and analyzing conflict diffusion patterns
significantly improves predictive accuracy, outperforming the benchmark model.
This research contributes to the study of conflict dynamics by introducing a novel
pattern recognition framework that enhances the analysis of spatio-temporal data
and offers practical applications for early warning systems.



Introduction

The spatio-temporal patterns of conflict have been a central focus for scholars over the

past few decades. Understanding the conflict dynamics mechanisms could enhance the

performance of fatalities forecasting to improve early warning systems further. Research

has shown that one of the most reliable predictors of future fatalities is the lagged values

of fatalities in the unit of analysis and its neighboring areas. However, clearly identifying

the conditions that favor the diffusion of conflict remains a challenge. Furthermore,

most studies have primarily focused on civil conflict (Forsberg, 2014) or specific cases

(Saideman, 2012; Kibris, 2021).

Conflict mechanisms are often studied through the lens of diffusion, where fatali-

ties are seen to spread across regions, like an epidemic. Diffusion is mostly studied as

a general phenomenon occurring similarly across space and time. However, studying

the specific patterns observed in conflict data might bring different information that

expands our understanding of conflict dynamics and consequently improves the con-

flict forecast accuracy. Forecasting models rely on past data to predict future events.

Focusing only on historically similar cases can help distinguish valuable information

that strengthens forecasting accuracy from unrelated dynamics that introduce noise.

For example, (Schutte and Weidmann, 2011) identifies distinct patterns in the spread

of conflict across four civil war cases. Similarly, (Kelling and Lin, 2020), using the

case of South Sudan, shows how analyzing internal diffusion patterns can deepen our

understanding of war dynamics.

The generalizability of this approach and its integration into forecasting models

remain unresolved due to the methodologies employed. Most traditional approaches

rely on linear models, which lack the flexibility needed to untangle and compare the

dynamic diffusion patterns of conflicts. The mechanisms underlying conflict are intrin-
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sically complex, requiring models capable of capturing events that, depending on their

environment, unfold at varying speeds or scales. Current methods often perform a so-

phisticated averaging of neighbors, failing to identify specific spatio-temporal patterns.

While some machine learning methods offer the potential for the flexibility needed to

capture these complex dynamics, their application is restricted by significant drawbacks.

These include their dependency on vast amounts of data and limited interpretability,

which restricts their capacity to generate clear explanations of findings.

This paper introduces a novel methodology designed to capture complex conflict

patterns at the regional level, called ‘ShapeFinder’. Originally developed for country-

level conflict forecasting (Schincariol, Frank, and Chadefaux, 2025), the framework is

adapted here to accommodate three-dimensional spatio-temporal patterns. Its flexibil-

ity enables the comparison and matching of patterns across different geographic scales

and intensities. This approach advances our understanding of conflict diffusion mecha-

nisms by identifying significant patterns and contributing to making prediction models

more accurate. A notable benefit of this autoregressive model is its simplicity and speed.

It does not require any additional variables, which makes it easier to set up and use.

The primary strength of the model is its interpretability. By leveraging similar patterns

from historical data to construct potential scenarios, it becomes possible to trace the

factors driving predictions. The outcome information is twofold. First, the potential

future scenarios with their occurrence in the historical data provide transparency on

the origins of prediction values. Second, identifying these historical occurrences allows

for spatial and temporal pattern analysis. This approach enables the association of

specific dynamics with particular regions or time periods.

Additionally, the model can be adapted from a point estimate to a probabilistic

outcome, as its initial output consists of multiple potential scenarios, each with an

associated probability. This combination of transparency and adaptability ensures that
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the model provides clear and comprehensive outcomes, making it accessible even to

non-specialists, such as policymakers.

This model contributes by offering a more accessible tool for decision-makers and

NGOs, who can use it as an early warning system. Its simplicity and interpretability

are key advantages, as complex models like deep learning are often avoided due to their

“black box” nature. Thus, this paper adds value both to social science research and to

practical, real-world applications. Finally, such a model could be used to focus further

on the analysis of conflict patterns and serve as a tool for testing theories. Researchers

could investigate whether specific patterns are linked to escalating intensity or the

spread of instability. Additionally, the model could assess the impact of interventions

by comparing outcomes in similar patterns—one involving an intervention and another

without.

Conflict Forecasting at the subnational level

Research over the past decades shows that conflict often spreads across space and time

(Black, 2013; Kathman, 2010), especially at the subnational level. Similar to how

diseases spread, conflicts can be modeled using diffusion or network models (Dorussen,

Gartzke, and Westerwinter, 2016). Studies show that if neighboring regions experience

conflict, nearby areas are also at risk in the future (Buhaug and Gleditsch, 2008). As a

result, using lagged time and spatial data has become essential for forecasting models

(H̊avard Hegre et al., 2019). Besides autoregressive factors, variables such as GDP,

population, ethnic exclusion (Metternich, Minhas, and Ward, 2017), political instability

(Iqbal and Starr, 2008), and variables extracted from new sources like remote sensors

(Racek, P. W. Thurner, et al., 2024) also contribute to explain conflict.

To forecast conflict at a regional level, researchers have used advanced statistical

78



techniques (Fritz et al., 2022), but also machine learning approaches (Bazzi et al., 2022)

are increasingly common. Many of these models include spatial and temporal data by

incorporating lagged values from neighboring areas using space and time-lagged vari-

ables or derived variables like the sum of fatalities of the neighboring areas (Lindholm

et al., 2022). However, forecasting conflict remains challenging, especially at finer geo-

graphical scales, because conflict data is highly skewed, often with zero values. Despite

improvements, most models still face performance issues due to limited flexibility. A

recent conflict forecasting competition by the Views team (Vesco et al., 2022) concluded

that more flexible models tend to perform better. While newer approaches are reduc-

ing model rigidity, such as the non-parametric smoothing method used by (Racek, P.

Thurner, and Kauermann, 2024), they remain insufficient for fully capturing conflict

dynamics. In the last couple of years, deep learning models have gained popularity,

like long short-term memory (LSTM) (Radford, 2022; Maase, 2025), or even temporal

fusion transformers (Walterskirchen et al., 2024). Additionally, large language models

are adapted to spatio-temporal patterns mining in other fields (Li et al., 2024; Zhang

et al., 2024), and offer promising performances. However, those remain poor in inter-

pretability and lack traceability in the predictions.

In recent years, conflict forecasting studies have largely moved beyond country-level

analyses. Some studies focus on the first or second-order administrative regions (Aas

Rustad et al., 2011), but remain sparse. Most of them that employ finer geographic

scales rely on the PRIO-Grid system (Tollefsen, Strand, and Buhaug, 2012), which

aggregates data, such as fatalities, into 0.5x0.5 degree cells (about 55x55 km at the

equator). This system provides a consistent structure that offers a balance between

geographic detail and the limited precision of event location data. Since conflict data

is typically extracted from news reports, the exact locations are frequently vague or

missing. The appropriate level of aggregation remains a point of debate in the conflict
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studies literature (Cook and Weidmann, 2022).

Despite promising results from new methods, predicting conflict at a fine geographic

scale remains very difficult. The data is highly zero-inflated and skewed at the country

level (Cederman and Weidmann, 2017), and this problem becomes worse at smaller

scales, such as the PRIO-grid level. To illustrate how rare these events are, only 0.2%

of observations in our study are non-zero. This extreme imbalance makes it hard to

gather enough useful information in the training data to build an accurate model. As a

result, most prediction models produce vague, smoothed outputs, similar to the results

of convolutional smoothing in image processing.

Figure 9 shows conflict predictions for the Kenya–Somalia border during the first

half of 2023, from the current best open-source benchmark, the Violence & Impacts

Early-Warning System (Views) (Fig. 9b).In the figure, we compare the forecast of

the ShapeFinder (Fig. 9c) alongside the previous year’s cumulative fatalities used as

model input (Fig. 9a) and the actual observed fatalities (Fig. 9d). Each colored

square represents the cumulative fatalities in a PRIO grid cell—darker red indicates

more fatalities; transparent cells had none. The VIEWS forecast closely mirrors the

input data, predicting high fatalities in the four cells in rows 4-5 and columns 5-6, and

medium levels in surrounding cells, resembling the effect of a convolutional blur. This

gives a general sense of where conflict might occur, but it results in clear overprediction.

In this example, Views predicted 19 cells with more than seven fatalities, ShapeFinder

predicted 8, and only 7 were actually observed.

This article introduces a new adaptation of a model called ShapeFinder, which

predicts fatalities by identifying and following historically similar patterns. Unlike

traditional models that rely on spatial lag variables, ShapeFinder builds its predictions

solely from past patterns that closely match the input, allowing for more accurate

forecasting. The model is based on the method proposed by Schincariol, Frank, and
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(a) Input data - Cumulated fatalities from
January 2022 to December 2022

(b) Views Forecast data - Predicted Cu-
mulated fatalities from January 2023 to
June 2023

(c) ShapeFinder Forecast data - Predicted
Cumulated fatalities from January 2023 to
June 2023

(d) Observed data - Cumulated fatalities
from January 2023 to June 2023

Figure 9: Conflict predictions for the Kenya–Somalia border during the first half of 2023,
from Views (b), the ShapeFinder model (c) alongside the previous year’s cumulative
fatalities used as model input (a) and the actual observed fatalities (d). Each colored
square represents the cumulative fatalities in a PRIO grid cell—darker red indicates
more fatalities; transparent cells had none. The numbers in the rows and columns are
only included for reference and do not carry any meaning.

Chadefaux (2024), originally developed for country-level time series. Here, it is adapted

to work with three-dimensional shapes at the PRIO-grid level. The original approach
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uses Dynamic Time Warping (DTW) to measure the similarity between sequences.

This distance metric allows comparing two sequences with different lengths. Once

similar sequences are found in the historical data, the model predicts future values

with the following values of the identified patterns. The model shows strong prediction

performance in accuracy but also in the dynamics predicted, highlighting the potential

of a shape-based model and the importance of flexibility in such complex applications.

The Prio-Grid problem

The fine-scale geographic detail provided by the Prio-Grid scale demands greater flexi-

bility compared to country-level models. A significant challenge lies in the key assump-

tion of models with spatially lagged variables: the relationships between each Prio-Grid

cell and its neighbors are uniform across the grid. This assumption often breaks down

in practice. For example, a city like Cairo in Egypt spans several grid cells. If conflict

arises within the city, fatalities in two or three neighboring cells might increase rapidly.

However, assuming the same relationship between cells within Cairo as between cities

like Yaoundé and Douala in Cameroon is difficult to justify. The dynamics of con-

flict propagation within a single urban area and between two distinct urban centers

are not comparable. An effective model should account for these distinctions, treating

Cairo as a single cohesive pole while recognizing Yaoundé and Douala as separate but

interconnected nodes.

Figure 10 shows an example of an input 3D sequence that happened at the border

of Kenya and Somalia in 2022 (left section), corresponding to the three-dimensional

representation of the example presented in Figure 9. On the right section, the four

most similar cases found by the model within the historical dataset are displayed. The

3D sequence uses longitude on the x-axis, latitude on the y-axis, and time on the z-
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Figure 10: 3D sequences that happened at the border of Kenya and Somalia in 2022
(left section) and four similar cases found in the historical dataset by the model (right
section). The 3D sequence uses longitude on the x-axis, latitude on the y-axis, and
time on the z-axis. Each point represents the fatality value for a Prio-Grid cell in a spe-
cific month. Darker red points indicate higher fatality values, while gray links between
points assist in visualizing the 3D structure but carry no interpretative meaning. Ac-
companying each 3D sequence is a map with accumulated fatalities over the period per
Prio-Grid cell. The black grid represents the event’s location, and the colored squares
indicate the total fatalities accumulated during the entire period within the Prio-Grid
cells.

axis. Each point represents the fatality value for a Prio-Grid cell in a specific month.

Darker red points indicate higher fatality values, while gray links between points assist

in visualizing the 3D structure but carry no interpretative meaning. Accompanying

each 3D sequence is a map with accumulated fatalities over the period per Prio-Grid

cell. Similarly to Figure 9 format, the black grid represents the event’s location, and

the colored squares indicate the total fatalities accumulated during the period within

the Prio-Grid cells.

Across the five patterns, a consistent structure emerges: one cell or a small cluster

of cells accounts for most fatalities, maintaining steady intensity over the entire period
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(highlighted in dotted red on the figure). Occasionally, spreads of conflict appear in

surrounding cells, but they rarely persist for more than a few months. Visually, these

patterns resemble a tree, where the core cells with constant fatalities form the trunk,

and the short-term spreads constitute branches.

Although the structures appear visually similar, detecting these patterns using a

model is significantly challenging. One reason is the varying dimensions in latitude and

longitude across the patterns: the Kenya-Somalia case is compact, while others, like

Algeria or Mali-Niger, span multiple cells. Another complication is the difference in

temporal durations: for example, the Egypt pattern extends over 16 months, whereas

the Kenya-Somalia case lasts only 12 months. Additionally, the “trunk” structure varies

considerably; in Somalia, it is concentrated in a single cell, while in Algeria, it spreads

across two cells, and in Mali-Niger, it involves a group of four cells.

Traditional models, which rely on fixed spatial and temporal lags or neighbor sums,

would fail to adequately identify the underlying similarity between these patterns. As

a simplified toy model, Figure 11 presents three patterns on a 5×5 grid over three

months. As in the previous figure, the x-axis represents longitude, and the y-axis

represents latitude. The cell color indicates the number of fatalities per month, ranging

from 0 (white) to 9 (dark red), with darker shades representing higher values. Visually,

patterns 1 and 2 appear to have more similar dynamics, while pattern 3 is distinct, with

constant values throughout the three months. However, when applying classical spatial

regression methods to measure distances between patterns, the results indicate a smaller

distance between patterns 1 and 3 than between patterns 1 and 2. In contrast, the

flexible method introduced in this paper correctly identifies a smaller distance between

patterns 1 and 2. Detailed calculations are provided in Appendix A.2.

Incorporating flexibility into models is essential for matching cases with similar dy-

namics despite differences in speed, scale, or frequency. This flexibility has shown clear
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Figure 11: Three patterns on a 5×5 grid over three months. The x-axis represents
longitude, and the y-axis represents latitude. The cell color indicates the number of
fatalities per month, ranging from 0 (white) to 9 (dark red), with darker shades repre-
senting higher values.

improvements even in single-dimensional models (Schincariol, Frank, and Chadefaux,

2024), but when extended to three dimensions, its importance becomes even more pro-

nounced. Events can vary in velocity across three axes—space and time—introducing

additional layers of complexity that rigid models cannot capture.
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Data Creation

Data source

The data on conflict fatalities used in this study come from the Uppsala Conflict Data

Program (UCDP) Georeferenced Event Dataset (GED) (Sundberg and Melander, 2013;

Davies, Pettersson, and Öberg, 2022). This dataset provides monthly data at the PRIO-

Grid level, covering the period from 1989 to the present. To validate our forecasting

results, we compared them with the Views forecast ensemble model (H̊avard Hegre

et al., 2022), which is a leading benchmark in conflict prediction. The Views model

is an ensemble model that includes various machine learning models, including a large

number of covariates. Since the model only forecasts the state-based fatalities in the

Middle East and Africa, our study focuses on these regions and variable to enable a

direct comparison. The data was obtained through the Views API.25

Pattern identification

The first step of our model is to identify potential future zones of danger by applying

object-detection techniques from image analysis, like connected-component labeling

and morphological erosion. The four steps of the method are represented in Figure 12.

This process begins by examining the previous 12 months prior to the forecast period.

Fatalities from the previous year are aggregated within each PRIO-Grid cell, resulting

in a 2D grid where each cell contains the sum of fatalities for the year (Fig. 12a).

The model then scans the grid using a rolling window across latitude and longitude to

identify cells with non-zero values, referred to as “active” cells (Fig. 12b).

25The datasets of the four windows of prediction are: fatalities001 2022 00 t01,
fatalities001 2022 06 t01, fatalities001 2023 00 t01, fatalities001 2023 06 t01. The predictions
produced by Views are available here. https://github.com/prio-data/views api/wiki/Available-
datasets

86

https://github.com/prio-data/views_api/wiki/Available-datasets
https://github.com/prio-data/views_api/wiki/Available-datasets


(a) Cumulated fatalities from January
2022 to December 2022

(b) Binary classification of active cell, with
at least one cumulated conflict fatalities

(c) Outcome of the Connected Component
Labeling. The black borders outline the
identified patterns.

(d) Union-find patterns without filtered
isolated cells by morphological erosion

Figure 12: Four steps of the identification of active conflict zone patterns in 2022 in
Africa and the Middle East. The red shading represents the intensity of conflict, with
darker red indicating higher numbers of fatalities in (a) and (d).

Once the active cells are identified, Connected Component Labeling (CCL), a well-

established technique in image analysis, is applied (Fig. 12c). CCL is commonly used

in image analysis to detect and classify objects based on pixel connectivity. Once an
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active cell is identified, its neighboring cells within a 2-unit radius are examined. If a

neighboring cell is also active, it is grouped into the same cluster. This iterative pro-

cess continues until no additional active neighboring cells can be found. The resulting

networks of interconnected active cells are classified as patterns. The radius is set to 2

units, corresponding to approximately 100km, allowing flexibility of the detection and

remaining relatively close enough to have a link. The final step applies a modified ver-

sion of morphological erosion and dilation (Fig. 12d). Erosion removes small structures

by eroding object boundaries, eliminating minor, irrelevant details. Dilation expands

objects, fills small gaps, and reconnects structures. These techniques are commonly

used in remote sensing, such as for cloud detection, where erosion removes noisy pixels

that may be mistaken for small clouds, and dilation merges fragmented cloud pixels

into a coherent shape. Here, the erosion is applied by retaining only networks with

more than one active cell. Indeed, as shown in Figure A.21, isolated active cells are

associated with future conflict only 13% of the time and never diffuse to the neighboring

cells. A spatial model would not be appropriate. However, these excluded cells may

present opportunities for future work, such as applying a non-spatial autoregressive

model as described in Schincariol, Frank, and Chadefaux, 2024, though their exclusion

does not significantly impact the overall evaluation (see the Discussion section). The

dilation is done by the union of entirely overlapping identified patterns. If two patterns

share some cells, the mean of the predictions is considered.

Using this pattern identification method, 99% of the total fatalities and 94% of ac-

tive cells are considered. The remaining 6% of active cells are isolated and not linked

to any larger networks. This aggregation method provides a compromise between max-

imizing the inclusion of relevant fatalities for effective model training and maintaining

computational efficiency. By doing so, the model remains capable of running in just a

few hours.
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Data transformation

To implement our shape-matching method, the raw data undergoes a transformation

process, as illustrated in Figure 13.

Figure 13: Data transformation process illustrated through three steps. (1-left) Pat-
terns are identified in an aggregated 2D grid network of active cells (as discussed in
the Pattern identification section) (2-middle) Patterns of linked neighboring cells with
conflict fatalities are extracted and represented in a “molecular” format, where Lon-
gitude is on the x-axis, Latitude on the y-axis, and Time on the z-axis. Darker red
shades indicate higher fatality values. Gray links between cells aid in 3D visualization
but do not signify any meaningful connections. (3-right) The extracted patterns are
transformed into density cubes, with each side representing a single normalized value
and the intensity of conflict as the density value. As in (2), darker red indicates higher
density values.

After the pattern of interest identification, we extract patterns of conflict cells from

the network of 2D layers. The 2D grid is then disaggregated into a 3D pattern with

Longitude and Latitude as the x-axis and y-axis, and month as the z-axis. An example

of such a network is shown in the middle part of the figure, where each colored point

represents a Prio-Grid/month cell, with darker red indicating higher fatalities. The

gray lines connecting the points are added for visual clarity and do not carry any
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specific meaning. In this example, the points are connected, forming a network with

two branches—one spanning longitudes 160 to 159 and the other from 157 to 155—both

connected by a common base around time 33 to 35.

Finally, the network is transformed into a density cube, as shown on the right side

of the figure. The three axes—latitude, longitude, and time—are normalized from 0 to

1. The total number of fatalities within the cells is also normalized so that their sum

equals 1, similar to a standard density function. This final step results in a cube with

1 unit per side, containing a 3D density distribution.

Method

The structure of the model is illustrated in Figure 14. The process begins with the ex-

traction of patterns of interest (see Pattern identification), referred to as input patterns

in the figure. Next, the model searches for similar patterns in the historical data using

a rolling window. This involves calculating two distance metrics: the Earth Mover’s

Distance (EMD) and the ratio of active cells (R). If both metrics fall below a defined

threshold, the historical pattern is classified as similar to the input pattern. Finally,

the subsequent values associated with these similar patterns are clustered to generate

the forecast values.

Distance between two 3D Pattern

The distance metrics for two 3D patterns combine two comparison factors: (1) the Earth

Moving Distance (EMD) between the cubic density representations of the patterns, and

(2) the ratio of cells with at least one conflict between the two patterns.

The Earth Mover’s Distance (EMD) (Andoni, Indyk, and Krauthgamer, 2008) quan-

tifies the similarity between two distributions. Initially developed for transportation
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Figure 14: Diagram of the overall method of the model. First, we extracted the patterns
of interest as mentioned before, called input patterns in the figure. Then, we look
for similar patterns in the historical data using a rolling window, by calculating two
distance metrics, Earth Moving Distance (EMD) and ratio of active cells (R). If those
two metrics are lower than a threshold, the historical pattern is classified as a similar
pattern to the input one. Finally, the values that follow similar patterns are clustered
to produce the forecast values.

logistics, it has been adapted for applications in image processing and computer vision.

The metric evaluates the amount of work needed to transform one distribution into an-

other. This is achieved by solving an optimal transport problem, minimizing the total

cost required to transport the mass. The EMD is defined by the following equation:

EMD(P,Q) = min
γ∈Γ(P,Q)

∑
i,j

γij c(xi, yj) (2)

where:

• P and Q are the two distributions of points with non-null values for each pattern.
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• Γ(P,Q) is the set of all possible joint distributions (couplings) with marginals P

and Q.

• γij represents the difference in normalized fatalities from xi to yj.

• c(xi, yj) is the Euclidean distance between xi to yj.

It is important to note that we compare each pattern not once but four times. The

cubic density is rotated 90° around the time axis three times more because a pattern

that starts in the southeast and ends in the northwest could be similar to one that

starts in the southwest and ends in the northeast.26 The rotation is done around the

time axis that remains fixed, as time progresses in only one direction. We take the

minimum EMD value of the four pattern orientations. This distance metric allows us

to identify similar patterns that may vary in duration and geographic spread—patterns

that traditional models often fail to capture. By accommodating variations in both time

and space, our method provides a more adaptive understanding of conflict dynamics,

enabling the detection of patterns that may be overlooked by classical models due to

their rigidity. This flexibility is crucial for accurately analyzing complex phenomena

where the timing and geographic extent of events can differ significantly.

The second part of the ratio of active cells (R) of the two patterns. An active cell

is a Prio-Grid month observation that has a non-zero value. The R ratio is defined by

the following equation:

R =

∣∣∣∣tanh(log(Np1

Np2

))∣∣∣∣ (3)

where:

• Np1, Np2 is the number of conflict active cells in the first and second pattern

26A future possibility could be to implement a cylinder density instead of cubic and then find the
angle that minimizes the EMD.
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• R is the Ratio of Active Cells

• tanh is the hyperbolic tangent function

EMD alone does not account for the counts of conflicts or whether the patterns

have a similar number of active cells, those with non-zero fatalities. Thus, two patterns

could have similar shapes (low EMD) but very different counts of active cells. Although

the model assumes that patterns with different magnitudes are comparable, it does not

equate cells with zero fatalities to those with a small number of fatalities. The Ratio

of Active Cells function 3 is equal to zero when the ratio Np1

Np2
is equal to 1. It increases

the same way whether the ratio goes negative or positive, like this we do not have to

control the numerator and denominator.

The first factor ensures that the overall shapes of the patterns are similar, while the

second ensures that both patterns have a comparable number of active conflict cells.

By combining both factors, this method provides a more comprehensive and reliable

approach to pattern matching. Two patterns are considered similar if they fall below

two critical threshold values. These thresholds were established based on a parameter

grid search minimizing the evaluation metrics of the validation set corresponding to a

forecasting window from January to June 2021, using data up to December 2020.27

Search for similar patterns in the historical data

To identify similar historical patterns for a given input, we use a rolling window method,

as detailed in 15. Input patterns (highlighted in red in the figure) are compared to his-

torical patterns spanning from southwestern Africa in 1989 to the northeastern Middle

East in 2023. The rolling window moves sequentially through longitude, latitude, and

time.

27The Earth Moving Distance (EMD) threshold is 0.15 and the R ratio one is 0.05.
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Figure 15: Rolling Window Scheme for historical search. The red cube represents the
input pattern, while the gray cubes show the historical dataset, covering a range from 0
to n in longitude, 0 to m in latitude, and 0 to o in time. The dark green cube represents
a pattern similar to the input, with the light green cube showing its following values.

For instance, the first historical pattern to be compared covers 0 longitude to i,

0 latitude to j, and 0 time to k, where i, j, k are the dimensions of the input. The

next pattern shifts by half the size of the longitude dimension, from (i/2) longitude to

i+ (i/2), while keeping latitude and time fixed. This process repeats similarly through

the latitude and time axes. By shifting the window by half the dimension size, we

minimize overlap between patterns and shorten computation time.

Patterns with similar dimensions (longitude, latitude, and time) are compared, but

also patterns of ±1/4 in each dimension. If a historical pattern meets the similarity

criteria, it is marked as similar (dark green in the figure), and its subsequent values,

referred to as “past future” throughout the paper (light green in the figure), are stored.

The outcome of the rolling window is a set of similar patterns and their following values.
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Forecast creation

The forecast values are generated using the “past future” of similar historical patterns.

This process has two main steps: (1) reshaping the past future values to fit the input

dimensions, and (2) clustering and identifying the most likely scenario. Because we

allow comparing patterns with different dimensions, some similar patterns may differ

in size. Extending a pattern is done by multiplying dimensions, while larger patterns are

shrunk by dividing dimensions to fit the input size. Forecast values are then adjusted

to align with the closest matching grid cells. If multiple values fall in the same cell,

they are added together.

Figure 16: Example of scenario creation using clustering. Three similar patterns were
identified in the historical data (left) and created two scenarios (right) with their asso-
ciated probability, based on the number of observations in each cluster.

Next, we apply clustering on past patterns to find the most probable forecast sce-

nario. After mapping each pattern’s projection to longitude, latitude, and time, we

calculate the Euclidean distance between these projections and cluster them based on

a set threshold distance. Similarly to the previous distance parameters, the clustering
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threshold was established based on a parameter grid search to minimize the evalua-

tion metrics of the validation set. Scenarios are then created by grouping the values

by cluster using the mean value for each cell point (longitude, latitude, month). The

number of observations per cluster estimates the probability of observing this outcome

emerge when a similar input pattern appears. The forecasted value is then the mean

value of the cluster with the most observations, representing the most probable future

scenario. Figure 16 presents an example of scenario creation using clustering. Three

similar patterns were identified in the historical data (left). The two upper patterns

have a distance below the defined threshold (indicated by the dotted line), and are

then grouped together to form a scenario with a 66% probability. As this is the most

probable scenario, it is selected as the forecast value.

This step helps mitigate the influence of outliers, which could heavily weight the

prediction with extreme values that rarely have occurred in history. An alternative

approach would be to extend this point-estimate forecasting framework into a proba-

bilistic one. Indeed, a distribution could be fitted at each cell (defined by longitude,

latitude, and month) using the observations from similar historical patterns.

Evaluation

Benchmark model

We evaluate our model, labeled as ‘ShapeFinder’ (SF), by comparing it to the leading

benchmark in the field, the Views forecast ensemble model (H̊avard Hegre et al., 2022).

This model is one of the few that provides a publicly available monthly point forecast

at the grid level. It forecasts up to 36 months ahead for the Middle East and Africa,
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starting from January 2022.28 Our evaluation is conducted across four 6-month periods:

• January to June 2022, using data up to December 2021.

• July to December 2022, using data up to June 2022.

• January to June 2023, using data up to December 2022.

• July to December 2023, using data up to June 2023.

These intervals provide a balance between a long enough forecast horizon and suffi-

cient observations. A six-month horizon, half the length of the 12-month input window,

offers the best trade-off between dynamic prediction reliability and the potential op-

erational utility. A shorter, three-month horizon may not be sufficient for a warning

system, while a 12-month horizon likely exceeds the theoretically temporal limits of

reliable dynamic prediction.

Metrics

The models’ performance is measured using three metrics. The first is the Mean Squared

Error (MSE) at the Prio-Grid level, the most common metric in forecasting. MSE

measures the average prediction error but does not account for flexibility in geography

or time. It simply checks if the forecast at time t for Prio-Grid p is accurate. The

formula for MSE is:

MSE =
1

n

n∑
i=1

(Yi − Ŷi)
2 (4)

With Yi the observed value and Ŷi the predicted value.

While the metrics at the Prio-Grid level provide valuable insights, they do not fully

capture the primary value of the model. Given that the Prio-Grid operates at a very fine

28It is important to note that their model is optimized with 36-month horizons, and these predicted
values are actually live predictions.
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spatial scale, it is essential to consider the broader dynamics across entire zones. The

true utility of this model lies in its ability to predict the overall amplitude of fatalities

and capture the shape of the dynamic patterns within a given area. To better assess the

model’s effectiveness in forecasting, we employ two metrics based on the zones defined

in Figure 12. First, we calculate the error in predicting the total number of fatalities

within each zone over the entire period. Second, we assess the model’s ability to capture

the spatio-temporal dynamics using the EMD metric. Together, these metrics evaluate

the total fatalities and the spatial pattern of predictions.

To extend the analysis from forecasting evaluation, we need to characterize a pattern

and its relationship with its future values. For this, we introduce a metric called ratio

of increase (Rinc), which quantifies the difference in the number of fatalities between

a pattern and its past future. This metric helps assess whether a pattern leads to an

escalation, stabilization, or decline in conflict intensity. The formula for Rinc is:

Rinc =

∑
fatpf∑

fatpattern
(5)

With
∑

fatpf the sum of fatalities in the past future section, and
∑

fatpattern the sum

of fatalities in the pattern.

Results

Patterns and Past Futures

Figure 17 illustrates the Kenya-Somalia example, discussed in Figure 10. The left side

of the figure displays four “following values” examples (also referred to as past futures)

of similar historical patterns. These examples are extracted from the most probable

scenario, which includes ten patterns in total. The right side of the figure compares the
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Figure 17: Outcome of the ShapeFinder model for the Kenya-Somalia example, dis-
cussed in Figure 10. Four examples of past futures, and the corresponding Forecasted
and Observed values. The left side of the figure displays four “following values” exam-
ples (also referred to as past futures) of similar historical patterns. The right side of
the figure represents the forecasted and actual observed values.

forecasted and actual observed values. The forecasted values are constructed with the

following values of similar historical patterns shown on the left. The similar patterns

examples share a common dynamic: most fatalities are concentrated in a couple of Prio-

Grid cells, located on the right side of the pattern. The patterns also have a secondary

zone of fatalities, more minor. In some cases, this secondary zone is concentrated within

one or two cells on the left part, while in others, it appears more diffusely distributed

around the primary zone of concentration.

The resulting forecast mirrors the observed values to a significant extent, correctly

predicting the concentration of fatalities in two cells along the coast near the border.

However, while the observed values reveal a cluster of fatalities in the south, this area

is slightly underpredicted in the prediction. Instead, the model forecasts a more diffuse

spread of fatalities around the two primary cells, failing to capture the precise secondary
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cluster. More examples of forecasted projections of fatalities from the SF model and

the Views model against the actual observed values are included in Figure A.17.

Meaningful patterns ?

A shape-based forecasting model operates on the assumption that similar patterns lead

to similar outcomes. To evaluate this assumption, we examine whether the similarity of

past futures between two patterns correlates with their distance. For this, we analyze

all patterns in the study and compare them against historically recorded patterns that

share comparable dimensions and active cell counts. We measure both the patterns’

similarity metric EMD (EMDpattern) but also the differences in their ratio of increase

(∆Rinc) and EMD for their past futures (EMDpf ).

Figure 18: The mean and 95% confidence interval for patterns’ similarity metric
EMDpattern (x-axis) and the differences in their ratio of increase ∆Rinc on the left
part and EMD for their past futures EMDpf on the right (y-axis).

Figure 18 presents the results, where values are binned for clarity. The mean and

95% confidence interval for each bin are displayed for Rinc (left) and EMDpf (right).29

29This interval is constructed as ±t0.975,n−1 ∗ SD/
√
n where t0.975,n−1 is the critical value of t, SD

the standard deviation and n the number of observations. This formula is used for all confidence
intervals presented in the remainder of the paper.
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Both Rinc and EMDpf of the smaller bin are significantly smaller (except the 0.25-0.3

bin for ∆Rinc). Generally, when EMDpattern increases, Rinc and EMDpf increases too.

It confirms that more similar patterns tend to produce more similar outcomes (past

futures), validating the model’s core assumption.

Prediction at the Prio-Grid level

First, the Prio-Grid cell is the unit of analysis. In this section, we compare the model

results at the micro-level, providing insight into the prediction performance at the

smallest geographical grain of analysis.

Figure 19 shows the log ratio of Mean Squared Error (MSE) between the Views

model and the ShapeFinder (SF) model at the Prio-Grid level. The units in the two

subfigures (bottom left of the figure) are the metrics calculated for the 6-month pre-

diction period and Prio-Grid. Across the four periods analyzed, approximately 1,500

Prio-Grid cells per period (totaling just over 6,000 cells) are included. A positive ratio

(in red) indicates that the ShapeFinder model outperforms the Views model. Over-

all, the SF model demonstrates significantly better performance, with an average log

ratio of 0.05. The median log ratio is positive, and in total, the SF model shows im-

provements in over 62% of cases. However, many of these improvements are minor,

as indicated by the substantial number of points included in the histogram bin from

0 to 1. Along with this, a map displays cumulative MSE per cell over four analysis

periods. Red indicates better performance by the SF model, blue by the Views model,

and gray denotes similar predictions. The Views model performs better in northern

Iraq, the Central African Republic, and the Chad-Nigeria border. Mixed results appear

in Burkina Faso, the DRC-Rwanda border, and Somalia. Finally, Shapefinder outper-

forms in Yemen, Nigeria, central Ethiopia, and Syria. Appendix A.2 includes examples

of predictions for the Prio-Grid cells with the best and worst performance differences.
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Figure 19: Log ratio of Mean Squared Error (MSE) between the Views model and the
ShapeFinder (SF) model at the Prio-Grid level and Mean and 95% of the Confidence
level. The units in the two subfigures (bottom left of the figure) are the metrics cal-
culated for the 6-month prediction period and Prio-Grid. Along with this, the map
(center of the figure) displays cumulative MSE per cell over four analysis periods. Red
indicates better performance by the SF model, blue by the Views model, and gray de-
notes similar predictions.

Prediction at the Pattern level

In complement, this section focuses on the macro-level results by analyzing the model’s

performance at the pattern level, as discussed in Figure 12. This approach is more

relevant for early warning applications, as it considers entire zones rather than isolated

grid cells. By capturing broader conflict dynamics, this level of analysis provides a more
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meaningful foundation for decision-making and risk assessment.

Figure 20: Scatter plot of the log ratio of Raw Error (in x) and EMD (in y) at the
pattern level of Views model over Shapefinder model. If the ratio is positive, the
Shapefinder model shows better performance. The red point is the mean value with
the 95% Confidence Interval.

Figure 20 presents the log ratio of Mean Average Error (MAE) (x-axis) and EMD (y-

axis) at the pattern level, comparing the Views model to the ShapeFinder (SF) model.

A positive ratio indicates that the SF model outperforms the Views model. The results

demonstrate that the SF model outperforms in both MAE (average log ratio = 0.708)

and EMD (average log ratio = 0.120), achieving the most accurate predictions for total

fatalities and dynamic patterns. In total, 111 patterns are included across the four

periods. Appendix A.2 shows examples of projections and forecast maps to further

illustrate these findings.
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Performance analysis

To assess where and why the SF model outperforms, we examine three characteristics

of the 111 identified patterns across the four studied periods. First, we analyze how a

pattern evolves in terms of the intensity of fatalities using the ratio of increase Rinc.

Second, we evaluate two performance measures: the prediction performance of Views

(using the Mean Absolute Percentage Error, MAPE) and the relative difference in

performance between Views and the SF model (log ratio of error). These metrics allow

us to identify regions where Views performs poorly and to determine whether the SF

model minimizes these errors, showing clearly areas where the SF model contributes

improvements.

Figure 21: Scatter plot of the ratio of increase Rinc (in x) and Mean Average Percentage
Error (MAPE) of Views (in y) at the pattern level, with a log-modulus transformation.
The color of the point represents the difference in performance between the two models.
The darker red, the SF performs better, and the darker blue, the Views model.

Figure 21 illustrates the relationship between the pattern’s increase ratio Rinc (x-
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axis), the Mean Average Percentage Error (MAPE) of the Views model (y-axis) with a

log-modulus transformation, and the error ratio of both models (indicated by color). In

the figure, darker red areas show where the SF model performs better, while darker blue

areas indicate better performance by the Views model. As expected, patterns where

the Views model has strong MAPE performances (around the 0-line on the y-axis) also

show a negative error ratio (in blue), indicating better performance for Views. Beyond

this, we can see three main groups of patterns. First, there is a group of dark red points

with Rinc value from 0 to 0.5, where the Views model overpredicts significantly (with

MAPE values above 2). The second group includes light red points with Rinc value

up to 2, where Views slightly overpredicts. Finally, there is a group of very pale red

and blue points with Rinc value above 3, where both models underpredict (negative

MAPE values). These are the hardest patterns to forecast, as they involve sudden,

large increases in fatalities, and both models underpredict similarly here. Overall, it

appears that the SF model’s improvement comes mainly in cases where the Views model

overpredicts.

An important question is then whether the SF model achieves its strong MSE and

Absolute Error scores simply by making conservative predictions. Metrics like these

can favor models that produce conservative prediction values, especially in conflict

forecasting at a fine scale (monthly, grid-level), where most values are zero. However,

Figures A.18 and A.19 show the MAPE and Maximum Error, respectively. These reveal

that the SF model strikes a balance between under- and over-predictions. Interestingly,

its maximum forecast values are even higher in mean and median than those of the

Views model. This suggests that the SF model provides more accurate and higher-

scoring predictions without relying on overly conservative estimates.

More detailed plots of the SF performances are displayed in Figure 22. It shows

the relationship between pattern characteristics and prediction error at the pattern
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Figure 22: Scatter plots showing the relationship between pattern characteristics and
prediction error at the pattern level using the ShapeFinder model. The y-axis in all
three plots represents the Mean Absolute Percentage Error (MAPE), with a log-modulus
transformation, where positive values indicate overpredictions and negative values in-
dicate underpredictions. The x-axes represent: (left) the ratio of increase Rinc, (center)
the total number of fatalities in the input pattern (referred to as Magnitude), and
(right) the number of active cells in the pattern (referred to as Dimension). The dotted
horizontal line at 0 on the y-axis indicates a perfect prediction.

level using the ShapeFinder model. The y-axis in all three plots represents the Mean

Absolute Percentage Error (MAPE), with a log-modulus transformation, where positive

values indicate overpredictions and negative values indicate underpredictions. The x-

axes represent: (left) the ratio of increase Rinc, (center) the total number of fatalities

in the input pattern (referred to as Magnitude), and (right) the number of active cells

in the pattern (referred to as Dimension). The dotted horizontal line at 0 on the y-axis

indicates a perfect prediction. Similarly to the Views, all of the overpredictions are

situated when Rinc is inferior than 2. However, they also correspond to high magnitude

input patterns and medium dimension size patterns (from 30 to 100 active cells). The

underpredictions are more uniformly distributed and less important in values than

overpredictions.
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Discussion

In this paper, we introduce a novel method for identifying conflict dynamics at a fine-

grained geographic level. It shows strong forecasting performances, overperforming the

Views model, one of the strongest benchmarks, at both micro and macro levels. How-

ever, this method is based on several assumptions. The primary assumption is that

patterns of different magnitudes in geography and intensity are comparable. While

studies have shown that this approach works at larger scales, such as country-month

analyses (Schincariol, Frank, and Chadefaux, 2024), its effectiveness at smaller scales,

as explored in this study, requires further investigation. Future work could adopt a more

theory-driven approach, using the model to examine patterns associated with specific

variables such as conflict type or commonly used covariates in conflict modeling. More-

over, while this study is limited to Africa and the Middle East, future research could

explore cross-regional pattern similarity and extend the model to a broader geographic

scope.

Additionally, even if the model is highly flexible, it assumes that the diffusion of

conflict to neighboring areas is equally probable. In reality, this is not the case, as fac-

tors such as logistics (e.g., roads connecting cells) and human communication networks,

which might link distant neighbors more closely than geographically closer ones due to

differences in religion, culture, etc., play a significant role. Addressing these factors

would require a major overhaul of the model, including the incorporation of road net-

works and population data for each cell. This would add considerable complexity to

the model and necessitate a large amount of data.

A limitation of our model is that it cannot predict an increase in fatalities if the

input pattern contains only zeros. However, in 2022 and 2023, 99% of grid cells with

only zeros over the previous 12 months continued to have zeros in the next six months.
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For the rare cases with a sudden increase, predicting these spikes is challenging for all

models, even those with additional data. This is clear in Figure 21, where the Views

model underpredicts values when the increase ratio is above 3. To capture such sudden

conflict outbreaks, a specialized model would be needed. In fact, for cells outside the

patterns studied here, a model that forecasts only zeros would perform better than

Views on key metrics.

A deeper analysis of our model’s performance shows that it might offer a more

precise forecasted dynamic. It seems that the Views model captures the general area

where fatalities might occur but lacks precision within that area, often leading to over-

predictions. The EMD metric supports this, indicating that our model better pinpoints

specific locations. This difference is also clear in Figure A.17, where aggregated fore-

casts show that our model provides a more refined pattern, while Views predicts broad,

vague clouds of activity. But, as noted in the Benchmark section, the Views model is

optimized for a 36-month forecast horizon. If it were optimized for a shorter 6-month

horizon, its results might differ significantly.

Conclusion

Our model demonstrates strong forecasting performance with the added benefit of in-

terpretability. Its main asset is the traceability of the source of each forecast. Contrary

to highly complex machine learning models, our approach allows us to trace the origins

of each forecast, showing when similar patterns occurred in the past and the likelihood

of different future scenarios. This makes the model highly interpretable, an important

advantage for convincing decision-makers of its reliability. Moreover, it can run quickly

(about one hour per period) compared to the much longer processing times of deep

learning methods, and only needs fatality input data to run.
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Analysis

Thomas Schincariol

Abstract

Migration is a significant challenge in the current increasingly violent world.
Given the projected effects of climate change in the next decades, the number of
individuals that would need to migrate in the next decades is likely to increase.
Accurate forecasting is essential to prepare for those migration flows. However,
current models face serious limitations due to poor data quality and the complex,
multidimensional mechanisms underlying migration decisions. Classical statisti-
cal models fail to capture the complexity of migration mechanisms, while newer
machine learning models require large volumes of data and lack interpretability,
making them less appropriate for decision-making applications. In this article,
we use a flexible model, ShapeFinder, based on shape similarity. The model’s
predictions are derived from analogous cases in historical datasets, offering both
interpretability and strong forecasting performance compared to benchmark mod-
els. The secondary key finding is the limited impact of push-pull factor covariates
in forecasting models. Although these factors were included in this study, they
did not significantly improve performance. Three inclusion methods are tested
at different stages of the model process, but none lowers the forecasting error.
The complexity of human decision-making and the inherent resilience dynamics
limit the effectiveness of incorporating covariates as used in traditional forecast-
ing models. Our results demonstrate that a flexible model like ShapeFinder is
essential to address the subtleties of migration flows and could serve as a valuable
tool in future early warning systems.



Migration studies are emerging as one of humanity’s greatest challenges. Over the

past 12 years, the number of displaced people has consistently increased, reaching nearly

120 million, equivalent to 1 in every 69 people on Earth (Refugees, 2023). Alarmingly,

this phenomenon is accelerating. According to the Intergovernmental Panel on Climate

Change (IPCC) Sixth Assessment Report (AR6), the ongoing global warming will drive

a significant rise in extreme events such as droughts and floods while simultaneously

reducing access to food and the habitability of large areas of the planet.

In collaboration with the International Organization for Migration, the IPCC has

developed several scenarios to estimate the impact of climate change on migration.

In the worst-case scenario, characterized by continued economic practices and reliance

on fossil fuels, the global temperature could rise by 4.0ºC by the end of the century.

This would lead to over 200 million people being displaced due to climate change.

This projection surpasses the alarming findings of the World Bank’s 2018 Groundswell

report, which estimated that by 2050, nearly 150 million people could be forced to

migrate due to the slow-onset impacts of climate change.

Whether optimistic or pessimistic, all scenarios highlight the immense challenge hu-

manity faces. This emphasizes the urgent need to forecast migration flows to better

prepare for the millions of people who will migrate or be displaced. Achieving this re-

quires identifying the covariates that push or pull individuals toward migration. While

scholars have extensively studied these factors, forecasting remains a complex problem

due to the intricate nature of human migration. Many push factors are interconnected.

For instance, food shortages caused by climate change can trigger political instability,

which in turn may lead to economic instability. At the center of this web are individ-

uals who must decide, though often with little real choice, when to leave their homes.

Given this complexity, constructing a comprehensive causal framework is nearly impos-

sible. While researchers have identified a range of push and pull factors that influence
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migration, the precise formula or mechanism driving these flows remains elusive.

Most studies on migration flows focus on large-scale analyses, typically at the

country-year level. The few studies conducted at finer spatiotemporal resolutions are

often case-specific and lack generalizability. This limitation can be attributed to the

high cost of collecting data continuously across extensive geographical areas. Migration

flows remain exceedingly difficult to track, and this lack of consistent, high-resolution

data has led to a scarcity of studies on migration flow forecasting. Existing research in

this area is limited and typically case-specific.

This paper has a two-fold objective. First, it establishes a benchmark for migration

flow forecasting using a novel method based on a shape similarity model, originally

developed in (Schincariol and Chadefaux, 2025) for application in South Sudan. The

model has been adapted to a broader context, focusing on migration flows into Europe

from 2017 to the present. This dataset is one of the few continuous sources of monthly

migration flow data that provides both the origin and destination of migrants. Our

findings demonstrate that this flexible method outperforms benchmark models in fore-

casting performance, while maintaining low computational requirements and offering a

high level of interpretability. By matching similar historical cases, the model provides

insights into the factors driving its predictions, making it easier for users to understand

the underlying dynamics.

Second, the paper assesses the impact of migration covariates, or push-pull factors,

on forecasting performance. This evaluation is conducted using three distinct inclusion

methods within the shape-based model, as well as the machine learning benchmark

model. This comprehensive approach allows for a thorough investigation of the potential

benefits of incorporating covariates into forecasting. It is important to note that the

analysis is limited to forecasting performance, rather than causal explanatory modeling.

Since autoregressive terms already capture some underlying information, the study
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focuses on determining whether covariates offer additional predictive value, rather than

identifying the causal mechanisms of migration.

These findings are significant in multiple ways. First, they validate the effectiveness

of shape-based models for forecasting migration flows, when data quality is limited.

Second, they have practical implications for early warning systems. The model’s re-

liance exclusively on autoregressive data, combined with its computational efficiency,

makes it a practical and straightforward tool for deployment. Policymakers and NGOs

can use this model to better anticipate and prepare for migration challenges in the

coming years.

Push-Pull Factors

In migration studies, the push-pull theory is well established. This theory is based on

push factors, which make populations want to leave a zone, and pull factors that attract

populations to a zone (Everett and Lee, 1966).

The first category of push factors most commonly studied is socio-economic. In

(Khan et al., 2023), the authors examine migration triggers in India using survey data,

concluding that push factors play a critical role in migration decisions. The primary

factors identified are economic, such as “lack of jobs” and “low wages”, and social,

including “family debt” and “social insecurity.” Similarly, (Khalid and Urbański, 2021)

points out the significant influence of unemployment and poverty on migration decisions

based on studies conducted in Thailand and Poland.

Another major push factor is insecurity and conflict. In (Crippa et al., 2024), the

authors demonstrate a strong link between conflict and migration, particularly in low-

income countries. However, conflict is often intertwined with climate change and food

accessibility, where one can trigger the other, both contributing to migration flows. For
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example, (Abel et al., 2019) confirms a causal relationship between climate change,

conflict, and migration, noting that climate change increases asylum-seeking behavior

through its impact on conflict, particularly in recent years. Similarly, (Cottier and

Salehyan, 2021) investigates the connection between climate variability and irregular

migration to Europe, concluding that drought and rainfall significantly influence irreg-

ular migration levels, especially in agrarian countries.

Finally, (Castelli, 2018) explores the factors driving migration, categorizing them

into ‘macro’, ‘meso’, and ‘micro’ levels. The macro factors align with those discussed in

the previous paragraphs. However, at the meso and micro levels, additional influences

come into play, such as communication technology, land grabbing, education, religion,

and health systems. These factors can significantly affect the decision to migrate,

although they are often challenging to quantify and operationalize within migration

models.

Pull factors are closely linked to push factors, as migrants often seek improved con-

ditions to address what is lacking in their place of origin. The primary pull factor is

economic opportunity. For instance, (Urbański, 2022) compares push and pull factors

in the contexts of Poland and Romania, concluding that pull factors exert a greater

influence on migration decisions. Economic considerations, such as higher wages, im-

proved living standards, personal development, and job opportunities, are identified as

the dominant pull factors. Similarly, (Ferwerda and Gest, 2021) finds that employment

availability is a key pull factor, while liberal democratic rights also play an impor-

tant role in attracting migrants. A similar conclusion was reached using the civil war

refugees example, who mostly seek a democratic and wealthy host country (Turkoglu

and Chadefaux, 2019).

Another important pull factor is the cultural aspect, particularly the presence of a

diaspora in the destination country. (Collier and Hoeffler, 2018) analyzes the impact of
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diaspora and cultural ties on migration using a gravity model, concluding that diaspo-

ras in culturally distant countries play a crucial role in reducing the costs of migration.

Likewise, (Prieto-Curiel et al., 2024) develops a migration model based on existing dias-

pora sizes in destination countries. Their model effectively reproduces observed stable

migration flows and distributions at fine-grained levels, such as Austrian postal codes

and U.S. metropolitan areas. Also, (Johnson and Bellofatto, 2012) investigates the role

of religious diasporas, demonstrating that cultural or nationality-based diasporas are

not the only significant pull factors; religious ties also play a pivotal role.

Lastly, social factors, such as education opportunities, remain significant pull fac-

tors. For instance, (Dago and Barussaud, 2021) explores the motivations of Ivorian

students pursuing higher education in France and Switzerland. The study highlights

that uncertainties within the Ivorian education system drive many students to view mi-

gration as their only viable path to success, emphasizing the critical role of education

opportunities in migration decisions.

The challenge of migration flow prediction

Scholars investigate migration mechanisms by examining the factors that push or pull

individuals to different destinations. However, a few studies alternatively focus on fore-

casting migration flows. Given the complexity of migration decision-making, accurate

predictions remain a significant challenge. As noted in (Bijak et al., 2019), “Migration

is a very complex and multi-dimensional process [...]. Thus, its forecasting is extremely

difficult.” Using migration flow data from the UK, this study evaluates classical time

series models in the context of migration forecasting, concluding that no single model

is universally best suited for different flows. Similarly, (Welch and Raftery, 2022) de-

velops a probabilistic forecast model using a Bayesian hierarchical approach, though
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this model operates at the yearly level, limiting its granularity. From a methodolog-

ical perspective, machine learning has also been explored. For instance, (Carammia,

Iacus, and Wilkin, 2022) introduces a sophisticated early warning system employing a

machine learning framework for asylum seekers. This study stands out for its use of a

finer temporal resolution, offering weekly forecasts with a horizon of just four weeks.

Yet, migration flow forecasting remains particularly challenging in terms of predic-

tion accuracy compared to other fields. This difficulty can be attributed to the poor

quality of available data and the rigidity of classical forecasting models, which are not

well-suited to capturing the complexities of migration dynamics. Migration decisions

are naturally multidimensional and involve highly complex mechanisms. Each dimen-

sion may operate at different speeds or hold varying degrees of influence on individual

decision-making, depending on the context. Furthermore, different conditions can pro-

duce similar migration outcomes. For instance, both natural disasters and economic

crises may lead to comparable migration magnitudes. Historical examples include the

Great Famine in Ireland and the Syrian Civil War, which, despite vastly different causes,

resulted in similar proportions of population displacement, approximately 20–25% of

the population migrating abroad. This intricate relationship between inputs and out-

puts makes it nearly impossible to establish a universally effective forecasting model

for migration flows.

This complexity brings into question the utility of covariates in forecasting models.

While some new machine learning designs may introduce a degree of flexibility, most

models operate on the assumption that relationships established in historical or train-

ing data between push-pull factors and subsequent migration flows can reliably predict

future patterns. However, when applied to migration decision-making, this assump-

tion becomes theoretically questionable. Current models and data lack the flexibility

required to fully capture the subtleties of human decision-making. Relying solely on
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push-pull factors identified in migration literature may not be an effective strategy for

forecasting models.

Push factors at t Migration flow

Cases Insecurity Economy Natural Disaster t+1 t+2 t+3

A ↗ ↘ – ↗ ↗ ↗

B ↗ ↘ – – – –

C – – ↗ ↗ ↗ ↗

D – – ↗ – – ↗

Table 2: Push factors and migration flow over time

To illustrate, consider the example displayed in Table 2, which presents four fore-

casting cases (A to D). On the left, we see the model’s input, or covariates, representing

push factors. On the right, the corresponding migration flow values over the next three

months. In cases A and B, the input conditions are similar, with rising insecurity and

an economic slowdown. However, the resulting migration flows differ significantly. This

discrepancy aligns with the theory of livelihood resilience in migration decision-making

(Mallick, 2019), which suggests that decisions are influenced not only by push-pull

factors but also by the Socio-Ecological System (SES) of individuals. Modeling the

SES remains highly complex, as it is deeply context-dependent. For example, (Mallick,

2019) examined rural coastal communities in Bangladesh and found that migration de-

cisions varied based on the type of cultivation practiced—salt-shrimp farming versus

rain-fed agriculture. This stresses the immense variability in the SES and the impracti-

cal amount of data needed to fully model these mechanisms, exceeding the explanatory

power of the classical push-pull set of variables. Similarly, cases C and D have identical

input conditions, yet the migration outcomes are delayed by two months in case D.

This delay could be attributed to the climatic structure influencing agriculture and, by

extension, the SES of the populations in cases C and D.
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These examples highlight the critical need for adaptive models, like the one intro-

duced in this paper, that can accommodate such variations in migration decision-making

dynamics. Migration decisions are shaped by a tremendous number of factors, includ-

ing environmental conditions coupled with the cognitive processes of individuals, which

together form a dynamic and highly interconnected system. Individuals influence one

another, creating feedback loops within social networks. For example, knowing that a

neighbor has left may increase an individual’s likelihood of migrating. The complexity

and context dependence of these micro-level dynamics make them extremely difficult, if

not impossible, to model directly. The collection of push and pull factors is insufficient

to capture the overall complexity. General forecasting models that learn from the past

and other contexts to generalize the links between variables would not accommodate

this. While such models could work for some case-specific situations where the key

variables are identified, they could not be extended to a huge variety of contexts.

The analytical focus should instead be placed on the macro-level patterns, corre-

sponding to aggregate outcomes of countless micro-level interactions. To effectively

compare and model these macro-level dynamics, forecasting models must be flexible

enough to capture similar patterns across diverse contexts. In this study, the primary

model is autoregressive, relying on migration flow patterns to learn from the macro-

level dynamics to predict. These dynamics are compared with a high flexibility degree,

with the Dynamical Time Warping, a distance metric that allows comparison between

sequences with different lengths, temporal lags, or speeds. This assures the model’s ca-

pacity to identify and generalize similar macro-level patterns across different contexts.
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Data

The objective of this study is to forecast migration flows, with a focus on the first

monthly arrivals for each origin–entry point dyad in Europe. Migration flow time series

often raise challenges due to their short length, discontinuities, or varying frequencies

over time. Collecting such data is costly, requiring significant human resources and

long-term commitment to maintain consistent data collection efforts. Despite this, the

International Organization for Migration (IOM) has recorded data on first arrivals in

Europe from January 2017 to June 2024 (Migration (IOM), 2024). This dataset includes

monthly records detailing the origins of migrants and their entry points into Europe.

Five countries are represented as entry gates to Europe: Spain, Italy, Greece, Cyprus,

and Bulgaria. 111 countries are listed as departure points, resulting in 244 routes of

migration included in the study. The routes with more than 50% of unavailable values

are excluded. Figure 23 displays the migration axes, with departure countries marked

in blue and arrival points in red. Thicker lines indicate higher numbers of migrants.

For each migration route, both push factors from the departure country and pull

factors from the entry point in Europe country are considered. In practice, push factors

appear to play a more significant role, since migrants’ final destinations are not known,

European entry points frequently serve as transit points rather than final destinations.

The push-pull covariates are summarized in the Table 3.

Traditional pull factors, such as education or standard of living, which typically mo-

tivate long-term migration, were excluded from the analysis. Instead, the study focuses

on two pull factors that better address the short-term needs of migrants: employment

opportunities and potential family links. These factors reflect the immediate support

migrants might receive, such as help from family members or acquaintances in the

entry-point country, and the ability to quickly find a job to finance their journey to a
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Figure 23: Map of the axes of migration included in the study. The departure is
represented in blue and the arrival in red. The width of the line represents the log
intensity of flows.

final destination in Europe. To estimate the probability of family or acquaintance links,

data from the United Nations’ International Migrant Stock dataset is used (Economic

and Social Affairs, 2020). This dataset provides information on the number of migrants

by origin country for 2020, the latest available year. Employment opportunities are

measured using employment rates for foreign-born individuals, based on data from the

International Migration Outlook 2023 report by the Organisation for Economic Co-

Covariate Push/Pull Category Frequency Source

Migrant stock Pull Social Constant UN

Foreign-born employment rate Pull Economic Constant OECD

Adult unemployment rate Push Economic Yearly ILO

IDP (conflict) Push Political Yearly IDMC

IDP (natural disasters) Push EnvironmentalYearly IDMC

Table 3: Push-Pull Covariates Summary. The push covariates are extracted from the
country of origin and pull from the entry point in Europe.
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operation and Development (OECD) (OECD, 2023). The most recent value for both

variables is assumed to be the same throughout the entire study period.

In opposition, the study includes classical push factors such as economic hardship,

political instability, and environmental degradation. Economic conditions are quantified

by the adult unemployment rate (ages 15+), sourced from the Sustainable Development

Goals (SDG) Labour Market Indicators database provided by the International Labour

Organization (ILO) (International Labour Organization (ILO), 2024). Data on political

instability and environmental degradation are obtained from the Internal Displacement

Monitoring Centre (IDMC), which tracks internal displacement caused by conflicts and

natural disasters. These data offer insights into the direct impact of these push factors

on migration. Indeed, the relationship between conflict or environmental factors and

migration is complex and non-linear. For instance, conflict or drought events occurring

at time t do not necessarily produce immediate effects on migration flows at time t+1,

as these processes involve more intricate mechanisms. This complexity explains why

raw data on conflict or environmental conditions are not directly used in the analysis.

Instead, the model relies on the origin country’s internal displacement caused by both

push factors. The three variables have a yearly frequency from 2017 to 2023.30

Methods

The model used in this study, originally developed for conflict forecasting (Schincariol,

Frank, and Chadefaux, 2025), was created for the Violence & Impacts Early-Warning

System (VIEWS) prediction competition held in 2023/2024 (Hegre et al., 2024). Known

as ’ShapeFinder’ (SF), the model employs an intuitive approach by identifying simi-

lar patterns in historical data to produce prediction values. Initially, the model was

30The five covariates were also tested in transformed forms. The results of these tests are presented
in Appendix A.3.
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designed as a purely autoregressive framework. In this study, we adapt the model to

include covariates and assess their impact on its performance. To evaluate these adap-

tations, we compare the performance of the original model and the modified version,

also using a Random Forest model as a benchmark. The benchmark is tested in both

a purely autoregressive form and with the inclusion of covariates.

The original ShapeFinder

The original model belongs to the family of shape-based models. Its core principle is to

identify similar patterns within the historical dataset, which serves as the training set,

and use these patterns to generate predictions. The model employs a rolling window

over the entire training dataset to detect similar shapes in the input sequence. To

measure similarity, the Dynamic Time Warping (DTW) metric (Müller, 2007) is applied

between the input sequence and historical patterns. If the DTW metric falls below

a defined threshold, the pattern is classified as similar. Once the rolling window is

complete, the result is a set of identified similar patterns. The values following these

patterns are then clustered to form scenarios with associated frequencies, which are

interpreted as probabilities. The final forecast is computed as the mean of the values

in the most probable scenarios. The clustering step is crucial, as it eliminates outlier

scenarios that may otherwise lead to overpredictions. 31

The final clustering step is performed using agglomerative hierarchical clustering, as

shown in Figure 24. In the figure, the five series on the left represent the following values

of similar patterns. The linkage is computed using the Ward method with Euclidean

metric, and scenarios are formed by applying a threshold distance. The scenario with

the highest number of observations is selected as the most probable. The average

31For a more detailed explanation of the model, refer to the Methods section in (Schincariol, Frank,
and Chadefaux, 2025).
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Figure 24: Agglomerative hierarchical clustering for the creation of the scenarios. The
five series on the left represent the following values of similar patterns. The linkage is
computed using the Ward method, and scenarios are formed by applying a threshold
distance. The scenario with the highest number of observations is selected as the most
probable. The average value of the cluster for each horizon is then used as the final
forecast. Scenario 1 (with three observations) is selected over Scenario 2 (with two
observations).

value of the chosen cluster for each horizon is then used as the final forecast. In the

example shown, Scenario 1 (with three observations) is selected over Scenario 2 (with

two observations). Finally, since all sequences are normalized from 0 to 1, a reverse

normalization is applied to return to the input sequence’s range.

The model relies on several key parameters. The first is the window length for input

patterns. To determine this, we computed the Autocorrelation Function (ACF) plot,

which measures the correlation of the time series with itself at different lags. The ACF

plot is shown in Figure A.23, where it is evident that at lag t-9, the ACF value stabilizes

at a low level. Based on this observation, the window length was set to 9. Other

parameters consist of the Dynamic Time Warping (DTW) threshold for classifying

patterns as similar or non-similar (noted mindist), the minimum number of similar
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patterns required when the threshold does not identify enough matches in historical

data (noted minmat), and the clustering distance used during scenario creation (noted

cludist). These three parameters were optimized by minimizing the Mean Squared Error

(MSE) on the test set, similarly to the benchmark.

Inclusion of Covariates

In this study, three methods of incorporating covariates are tested at different stages

of the original model. Figure 25 shows the outline of the original model along with

the three adaptations. The original model is represented in black, while the three

modifications are displayed by dotted lines in three different colors.

Figure 25: Layout of the original ShapeFinder model (SF) in black. The three modifi-
cations, including covariates introduced in this paper, are displayed in dotted lines.

An earlier adaptation of this model incorporated covariates by focusing on their

shapes rather than static values (Schincariol and Chadefaux, 2025). In that approach,

covariates were integrated into the process of identifying similar patterns in historical

data. The model measured the sum of individual Dynamic Time Warping (DTW)

values for migration data and covariates, such as food prices and conflict.
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Inclusion prior to similar patterns search : SF-COV1

In the first modification model represented in red in the figure, called SF-COV1, we

employ a similar method by including the differences in their static values in the overall

similarity metric. The distance between two cases is defined by the following equation:

di,j =
α0 ∗DTW(seqi, seqj) +

∑n
k=1 αk|covk,i − covk,j|∑n

l=0 αl

(6)

Here, cov represents the static value of the covariate 32, and α is the weight assigned

to each element in the final distance calculation. The weights enable testing the impact

of including covariates in the model, and if some have more weight in the improvement

of prediction.

Inclusion after similar patterns search

An alternative way of incorporating covariates was also tested. In this approach, co-

variates are introduced only during the construction of future scenarios, specifically

when generating the prediction value from the most probable scenario. In the standard

method, clustering is performed using the future values of similar cases to create sce-

narios with associated probabilities, based on the distribution of similar cases in each

cluster. The prediction is then the average of the following values belonging to the

most probable scenario. This approach, however, may overlook contextual differences

across regions. For instance, a pattern observed in Country A may not produce the

same outcome in Country B if job opportunities differ between the two countries at the

time the historical pattern occurred.

To address this limitation, two options for integrating covariates at the final step

were tested: (a) including covariates in Ward’s linkage during clustering to create the

32The covariates are z-normalized.
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scenarios (SF-COV2, blue in Fig25) (b) applying a weighted average to the observations

within the selected scenario after the scenarios are formed. (SF-COV3, green in Fig25)

Inclusion in the scenarios creation : SF-COV2

The first option, shown in blue in the figure and denoted SF-COV2, involves a direct

modification of the clustering step. Covariates are added to Ward’s linkage calculation,

producing vectors of 11 elements (6 migration flow sequence points plus 5 covariates).

All covariates are z-normalized to prevent them from dominating the sequence points.

Once the scenarios are created, the final forecast is obtained in the same way as in the

original model: the predicted value at each horizon is the average of the most probable

scenario.33

Inclusion only in the final prediction : SF-COV3

The second option, represented in green in the figure, called SF-COV3, operates after

clustering. Instead of directly using the average value of the selected scenario, prediction

values are calculated using the following equation:

ph =

∑
1

d(covsinput,covss)
· fvs,h∑

1
d(covsinput,covss)

(7)

Here, ph represents the predicted value for horizon h, d(covsinput, covss) is the Eu-

clidean distance between the vector of static covariates for the input sequence and those

of a similar pattern s, and fvs,h is the future value associated with the similar pattern

s at horizon h. This approach adjusts predictions by weighting similar patterns based

33A second alternative was tested in which clustering was based directly on the distance between
covariates, d(covsinput, covss), instead of on the sequences that follow similar patterns. This approach
performed poorly, stressing the importance of clustering on the following sequences, which effectively
removes outlier scenarios. The crucial role of this step is discussed in (Schincariol, Frank, and Chade-
faux, 2025).
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on their proximity in terms of static covariates, accounting for contextual differences

between cases.

Benchmark

The ShapeFinder performances are evaluated by comparing our model with a machine

learning model, the Random Forest (RF), an ensemble of decision trees. Random

Forests are favored for their strong predictive performance, robustness to missing data,

and ability to handle shorter time series effectively. They also provide interpretability

by identifying the contribution of each feature to the model’s fit. For these reasons,

we did not include a deep learning model, such as Long Short-Term Memory (LSTM)

networks, which are less interpretable and generally less suitable for shorter time series.

Given the relatively short length of each series (90 points), LSTMs may struggle to

capture meaningful temporal dependencies without overfitting. In addition, a signifi-

cant portion of the migration dataset contains missing values. Specifically, 34% of the

data is missing across the 244 migration axes series. This excludes the use of classi-

cal statistical models such as AutoRegressive Integrated Moving Average (ARIMA),

which assumes continuous, stationary, and complete time series data. The large share

of missing data would require extensive imputation or interpolation, making ARIMA

unsuitable for this study. Even when restricting the analysis to migration routes with

the lowest rates of missing values, most routes still suffer from discontinuities, which is

a common issue in migration flow data.

For a fair comparison, the RF model is designed with input and output shapes

similar to those of ShapeFinder. Specifically, the input consists of lagged values from

t-1 to t-9, and the forecast horizon is set to 6 months. The migration values are log-

transformed to handle the skewness in the data. As with SF, two versions of the RF

model are implemented: one including covariates and the other without. Both types of
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models are trained and tested on the same train/test dataset to ensure comparability.

The hyperparameters of the Random Forest model are optimized using a random grid

search within the parameter ranges specified in Table A2. Similar to the ShapeFinder

(SF) model, the configuration that achieves the lowest MSE on the test set is selected.

Evaluation

The training data spans from 2017 to December 2023, while the evaluation is conducted

on predictions for the period from January 2024 to June 2024. Given the relatively short

length of each time series (90 points), we maximized the percentage of data used for

training to improve model performance. Only axes of migration without missing values

in the last 15 timestamps were retained, as the input requires 9 values and the output

6, resulting in a dataset that contains 157 migration axes. This sufficient number of

migration axes in the analysis ensures statistical significance. The benchmark includes

six models :

1. The original ShapeFinder (SF)

2. The ShapeFinder with covariates inclusion in the similar cases search (SF-COV1)

3. (a) The ShapeFinder with covariates inclusion in the scenarios creation (SF-

COV2)

(b) The ShapeFinder with covariates inclusion only in the final prediction cre-

ation (SF-COV3)

4. Random Forest purely autoregressive (RF-AR)

5. Random Forest with covariates (RF-COV)

Similarly to the Random Forrest, the hyperparameters (the minimum number of

matches, the minimum distance, and the clustering distance) are optimized on the test
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set using a brute-force grid search. The test set is composed of the last six months of the

dataset, and the remaining observations form the training set. The hyperparameters

selected for the original model are then kept for all model adaptations that incorporate

covariates. In the same way, the weights used in the SF-COV models are also optimized

on the test set, to ensure a fair comparison.

The performance of the models is evaluated using the Mean Squared Error (MSE),

a widely used metric in forecasting. To compare the two models, the log ratio of the

MSEs is calculated for each migration axis. A positive log ratio indicates that the

model in the denominator performs better, while a negative log ratio signifies superior

performance by the model in the numerator.

Results

Similar pattern, similar outcome ?

The core assumption of a shape-based model is that similar shapes in the data tend to

lead to similar outcomes. Although our model accounts for outliers through scenario

creation and selection of the most probable scenario, it remains essential to verify that

a given shape consistently produces similar outcomes. To test this assumption using

the migration data, we calculate the average standard deviation of the following values

of the similar cases for various similarity intervals, based on the input shapes in the

test set.

The “following values” refer to the observations from t + 1 to t + 6, which are the

same values used to form scenarios in the forecasting model (see Figure 24). Similarity

is measured using DTW distance, in line with the specification of the forecasting model.

For each shape, we identify similar shapes in the historical data that fall within the

defined similarity range and compute the standard deviation of the following values for
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forecast horizons 1 to 6. The mean standard deviation across all input shapes is then

calculated. The results are presented in Figure 26.

Figure 26: Standard deviation of the Following Values (in y-axis) by horizon of forecast
(in x-axis) for the four intervals of similarity: d < 0.3, 0.3 < d < 0.55, 0.55 < d < 0.8
and 0.8 < d, with d representing the DTW distance. The darker grey corresponds then
to a higher degree of similarity.

The range with the most similar patterns results in a significantly smaller standard

deviation in the following points, at the 95% confidence level (except for horizon 2),

compared to all other intervals. Furthermore, the second-highest similarity range shows

a smaller standard deviation, although not significantly different from the two intervals

with the lowest similarity scores. These results provide statistical confirmation of the

hypothesis that more similar shapes tend to produce more similar outcomes.

A parallel analysis is conducted using migration data combined with covariates to

evaluate the additional information contributed by the covariates. This analysis exam-

ines whether similar migration shapes, when coupled with similar covariate conditions,

lead to more consistent outcomes and provide more predictive power than migration

data alone. The same methodology is applied to assess this, but the similarity intervals
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now include the Dynamic Time Warping (DTW) distance of the migration shape com-

bined with the difference in covariate values. Since the analysis involves two distances

added together, the interval values were doubled. The results for the five covariates are

presented in Figure 27.

Figure 27: Standard deviation of the Following Values (in y-axis) by horizon of forecast
(in x-axis) for the four intervals of similarity: d < 0.6, 0.6 < d < 1.1, 1.1 < d < 1.6
and 1.6 < d, with d representing the DTW distance of migration sequences plus the
difference of covariate value. The darker grey corresponds then to a higher degree of
similarity.

Three out of the five covariates (Unemployment rate, Conflict displacement, and

Job availability) produced inconclusive results, with none of the similarity intervals

being significantly different from the others. The Diaspora covariate showed minimal

impact, yielding results comparable to the purely autoregressive test. This suggests

that while the Diaspora covariate does not bring information, it does not introduce

additional noise. In contrast, the Disaster displacement covariate demonstrated a sig-

nificant effect: the most similar interval consistently shows a smaller standard deviation

than the other three intervals, with a 95% confidence level across all horizons. How-
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ever, the second most similar interval showed the opposite effect, having the highest

standard deviation. This could indicate that while the Disaster displacement covariate

effectively distinguishes highly similar cases, it may introduce noise when the cases are

only moderately similar.

Similar context, similar scenarios?

The second model, designed to evaluate the role of covariates, tests whether these co-

variates influence the distribution of scenarios once similar migration patterns have been

identified. The underlying idea is that covariates capture the context in which migra-

tion occurs, and this context may shape the likelihood of one scenario over another. In

other words, if two sequences share a similar shape but occur under different contextual

conditions, their future evolution might differ. The original model assumes the oppo-

site: similar shapes lead to similar outcomes regardless of context. Here, we examine

whether there is statistical evidence of a dependency between context, represented by

the covariates, and scenario outcomes.

To test this hypothesis, we apply Pearson’s chi-squared test to measure the statistical

association between scenarios and covariates. The procedure follows these steps:

1. For each dyad, record the scenario assignments obtained from the clustering pro-

cess for all following value sequences.

2. For each sequence, compute the difference in covariate values between the input

sequence and the matched sequence, noted as d(covsinput, covss).

3. Convert these continuous covariate differences into categorical variables by break-

ing them into bins defined by the 25th, 50th, and 75th percentiles. This ensures

a balanced distribution of observations across categories.
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4. Construct a contingency table that cross-tabulates (i) scenario assignments and

(ii) the categorical covariate bins.

5. Apply Pearson’s chi-squared test to assess whether scenario assignments and co-

variate categories are statistically independent.

For example, if the model identifies 100 similar patterns and the clustering process

results in four distinct clusters, a contingency table for a given covariate s could be

like the one presented in Table 4. The operation is repeated for the five covariates

for each dyad. However, the test requires assumptions. First, observations must be

independent, and the test depends on a large-sample approximation. To satisfy these

conditions, only dyads with at least 20 similar patterns are included in the analysis, and

the clusters with fewer than 10 observations are removed. Additionally, the assumption

that no more than 20% of the contingency table cells have expected counts less than 5

must be met. To address this, clusters exceeding this threshold were filtered out until

the condition was satisfied.

d(covsinput, covss) Bin Cluster 1 Cluster 2 Cluster 3 Cluster 4

Q1 (Low) 5 11 7 6
Q2 4 4 3 9
Q3 7 7 2 12
Q4 (High) 8 4 4 7

Table 4: Contingency table showing the relationship between the difference covariate
d(covsinput, covss) bins and cluster assignment.

Figure 28 shows the distribution of p-values from the chi-squared test for each

variable in the covariate set. The darker bin represents significant results with p-values

< 0.05, indicating dependence between the covariate values and scenarios assigned.

This suggests that the covariates bring predictive information relevant to the scenario

creation. The grey bin corresponds to p-values < 0.1, while the light grey bins represent
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Figure 28: Histogram of the p-value of the Pearson’s chi-squared tests between the
d(covsinput, covss) bin values and the scenario clusters. The darker bin represents sig-
nificant results with p-values< 0.05, indicating dependence between the covariate values
and scenarios assigned. This suggests that the covariates bring predictive information
relevant to the scenario creation. The grey bin corresponds to p-values < 0.1, while
the light grey bins represent cases where the null hypothesis of independence cannot be
rejected, implying that, in those cases, the covariates mostly bring noise.

cases where the null hypothesis of independence cannot be rejected, implying that, in

those cases, the covariates mostly bring noise. The plots show a relatively uniform result

across the covariates, with a low percentage of cases indicating dependence between

covariates and scenarios. Dependence is observed in 4% of cases for the unemployment

rate and 6% for conflict displacement. The Diaspora covariate stands out slightly,

as in the previous test, with dependence in 10% of the cases. Similarly, the Jobs

availability variable has 10% of highly significant and 7% of weakly significant. These

bins represent just under 20% of the cases, suggesting a relatively weak association

between this covariate and scenario dependence.
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Random Forest Feature Importance

With the Random Forest model, the importance of covariates, or features, can be esti-

mated using feature importance metrics. These metrics quantify how much each feature

contributes to the model’s predictive power by measuring the reduction in impurity

caused by the feature at the decision tree nodes. In our case, impurity is represented

by variance. Feature importance is calculated as the average decrease in impurity at-

tributed to a feature across all trees in the forest. A higher importance value indicates

that the feature contributes to a greater average reduction in impurity.

Figure 29: Feature importance score (in x-axis) for the Random Forest purely autore-
gressive, called “AR” (in black), and the model with covariate called “COV” (in light
grey).

Figure 29 presents the feature importance scores for the purely autoregressive Ran-

dom Forest model (RF) in black and the Random Forest model with covariates (RF+Cov)

in light grey. Overlapping scores are shown in grey. The feature importance from the

RF model aligns with the autocorrelation function (ACF) dynamics, as expected. For
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the RF+Cov model, the results are consistent with previous findings: all covariates ex-

hibit lower importance compared to any autoregressive terms. Also, the importance of

the first three autoregressive terms in the RF model compensates for the inclusion of co-

variates in the RF+Cov model. According to earlier observations, Diaspora stands out

as the most important covariate, showing twice the importance of any other covariate.

Forecast evaluation

Figure 30: The log ratio of the Mean Squared Error (MSE), using migration axes
as individual observations. For each forecast horizon from 1 to 6, the MSE of each
model is computed. Performance is then compared across models using the log ratio
of their MSEs. A positive log ratio indicates better performance of the model in the
denominator of the ratio. The point represents the mean value, and the line is the
confidence interval. This interval is constructed as t0.975,n−1 ∗ SD/

√
n where t0.975,n−1

is the critical value of t, SD the standard deviation and n the number of observations.
The denominator model is ShapeFinder (SF) for the first five error bars and RF-COV
for the last one.

The evaluation of benchmark performance provides insight into two aspects: the

comparative performance of a shape-based model versus a machine learning model,

and the effect of incorporating covariates on forecasting performance. Figure 30 shows

the log ratio of the Mean Squared Error (MSE), using migration axes as individual
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observations. For each forecast horizon from 1 to 6, the MSE of each model is computed.

Performance is then compared across models using the log ratio of their MSEs. A

positive log ratio indicates better performance of the model in the denominator of

the ratio. In the figure, the denominator model is ShapeFinder (SF) for the first five

error bars and RF-COV for the last one. Each pairwise model comparison uses 157

observations, corresponding to the number of migration routes. The point displayed in

each case is the mean log ratio, and the error bar represents the confidence interval.34

The results indicate that the ShapeFinder with covariates included during scenario

creation (SF-COV2) and both random forest models (RF-AR and RF-COV) produce a

comparable, significantly poorer performance compared to the original ShapeFinder.

In contrast, the ShapeFinder versions with covariates incorporated during similar-

case searches (SF-COV1) and during final prediction creation (SF-COV3) demonstrate

slightly better, though not significantly superior, performance, with SF-COV1 perform-

ing the best. Finally, the last log ratio point of the figure suggests that adding covariates

to the Random Forest models does not lead to significant performance improvements.

Additional figures on the models’ parameters grid search are presented in Appendix

A.3.

Discussion

Beyond the strong performance of the shape-based model, the primary finding is the

lack of clear benefits from incorporating covariates into migration autoregressive models.

This conclusion is supported by evidence from the shape-based model, but also the

Random Forest, where covariates exhibit very low importance scores in the feature

rankings. This does not imply that push and pull factors have no impact on migration,

34This interval is constructed as ±t0.975,n−1 ∗ SD/
√
n where t0.975,n−1 is the critical value of t, SD

the standard deviation and n the number of observations
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far from it. Instead, it suggests that autoregressive components already capture much

of the relevant information.

Given that migration reflects complex human decision-making processes, covariates

alone cannot fully capture these mechanisms. First, the selected covariates may provide

limited information at a monthly scale. Many of them change slowly, which makes them

more suitable for explaining yearly migration trends rather than short-term monthly

dynamics. Second, capturing the broader socio-ecological system would require an

amount of data that cannot be gathered for a general model forecasting monthly flows

at the country level. The earlier example of cultivation practices influencing migra-

tion in Bangladesh illustrates this issue: such effects are highly context-specific and

would require detailed, localized data that are impossible to collect systematically. A

similar limitation is observed in conflict forecasting, where complex underlying mech-

anisms limit the predictive value of slowly changing variables (Schincariol, Frank, and

Chadefaux, 2025). For now, autoregressive terms remain the most reliable proxy for

short-term migration prediction.

New data sources, such as social media (Yildiz et al., 2024) and online search key-

words (Böhme, Gröger, and Stöhr, 2020), offer promising opportunities for migration

research. These sources provide two key advantages. First, they operate at a much

finer spatiotemporal resolution compared to traditional covariates, which are often lim-

ited to country-year scales or even static measures. In contrast, these new data types

can offer insights at daily or regional levels, or even finer. Second, they represent the

final stage of the human decision-making process. For instance, an individual searching

online for “asylum seek Italy” has likely already decided to migrate to Italy, making

the subsequent migration relatively straightforward. In contrast, traditional covariates,

such as regional instability, may only signal a potential migration decision, which could

take anywhere from days to years to materialize, depending on the context.
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The limited availability of high-quality migration data constrains our findings. Since

migration data is costly to collect, only a small amount is available, particularly at fine

spatiotemporal resolutions. Emerging methods, such as those using remote sensing,

mobile phone GPS, or even email IP addresses (Tjaden, 2021), offer promising new

real-time information sources on millions of individuals. However, these approaches

present significant challenges. Ethical and privacy concerns arise, as most of this data

is collected by private companies and may not be publicly available. Also, unequal

access to technology excludes portions of the population, potentially introducing biases

into the data.

Conclusion

This article looked into the challenges and opportunities in migration flow forecasting,

especially considering the growing impact of climate change on global migration. While

the prediction task remains complex due to poor data quality and the multifaceted na-

ture of migration, the study introduces the ShapeFinder model as a promising approach.

ShapeFinder employs shape similarity for predictions, offering solid performance

and much-needed flexibility for modeling migration flows. A standout feature of this

model is its interpretability, as its forecasts rely on analogous cases found in historical

datasets. This transparency sets it apart from other machine-learning models, which

may be perceived as black-box models.

The study also examines the inclusion of covariates, particularly push-pull factors,

into migration forecasting models. Despite being common in political science, adding

such factors to autoregressive models did not enhance prediction accuracy. This finding

aligns with (Schincariol, Frank, and Chadefaux, 2025), which concluded that purely au-

toregressive models are most effective for modeling fundamentally complex phenomena
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like migration or conflict. Incorporating additional covariates might introduce noise

and increase data demands, surpassing any potential benefits.

In conclusion, the ShapeFinder model holds promise as a foundation for developing

early warning systems for migration flows. However, traditional push-pull factors fail

to improve predictive accuracy. Future research could explore new sources of covariates

like internet search data, which reflect the final migration decision after the decision-

making process, still impossible to model with the current modeling tools.
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Temporal Patterns in Migration Flows: Evidence
from South Sudan

Thomas Schincariol and Thomas Chadefaux

Abstract

What explains the variation in migration flows over time and space? Existing
work has contributed to a rich understanding of the factors that affect why and
when people leave. What is less understood are the dynamics of migration flows
over time. Existing work typically focuses on static variables at the country-year
level, and ignores the temporal dynamics. Are there recurring temporal patterns
in migration flows? And can we use these patterns to improve our forecasts of
the number of migrants? Here, we introduce new methods to uncover temporal
sequences—motifs—in the number of migrants over time, and use these motifs
for forecasting. By developing a multivariable shape similarity-based model, we
show that temporal patterns do exist. Moreover, using these patterns results in
better out-of-sample forecasts than a benchmark of statistical and neural networks
models. We apply the new method to the case of South Sudan.



What explains the variation in migration flows over time and space? Existing work

has contributed to a rich understanding of the factors that determine what pushes

people away from their home: war, poverty, or oppression—push factors; and what

attracts them elsewhere: economic opportunities or freedom—pull factors. What is

less understood is the dynamics of migration flows over time. Existing work typically

focuses on static variables at the country-year level. The analysis may involve more

fine-grained spatial units, but rarely is the temporal dynamic investigated.

In contrast to this predominantly static approach, our research aims to improve

the accuracy of migration flow predictions by identifying dynamic temporal patterns

in migration flows. This study investigates whether the sequence of events, rather

than just individual events, can provide additional insights into migration patterns.

By identifying these temporal patterns, we aim to enhance the accuracy of forecasts

regarding migrant numbers and address the shortcomings of current predictive models.

Our novel methodology combines dynamic time warping with pattern recognition

algorithms. This approach enables us to discern not just the presence of migration

motifs but also their specific characteristics and temporal variations. By applying

these methods to fine-grained migration data, we aim to more accurately forecast future

migration trends and understand the underlying dynamics driving these flows.

Additionally, our approach benefits from relying on a limited number of covariates

rather than employing complex machine learning models with extensive features. This

strategy offers significant advantages: it reduces the risk of overfitting, simplifies inter-

pretation, and requires less computational power and data. Complex machine learning

models, while powerful, often need large datasets to perform effectively and face issues

related to reproducibility and interpretability due to their non-deterministic nature. In

contrast, our streamlined approach provides a practical and robust solution, making it

more accessible and applicable to various contexts where data may be limited.
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To validate our motifs, we take advantage of a unique dataset that is temporally

fine-grained. We use data from the IOM’s Displacement Tracking Matrix (DTM), fo-

cusing specifically on forced displacement. This includes internal displacement within

South Sudan and, where applicable, cross-border refugee movements. The DTM pro-

vides fine-grained temporal and spatial data on out-flows from locations within South

Sudan, allowing us to analyze short-term fluctuations and localized patterns in forced

displacement.

We show that our method, focusing on temporal shapes—distinctive patterns in

migration data over time—yields better results than traditional benchmarks set by

models like regression models or neural networks. We apply this approach to the case

of South Sudan, a context marked by a complex interplay of food prices and conflict

fatalities. Our findings offer more accurate predictive models and provide insights that

could inform migration policy and aid in understanding similar migration dynamics in

other regions.

Our findings are important for a number of reasons. First, migration studies suffer

from a lack of fine-grained data. Data are usually coarse and unavailable at the sub-

national level. However, we show here that even with a small temporal coverage, we

can extract important temporal patterns. These results also have important implica-

tions for policy-makers and actors in the field such as NGOs. Predicting migrant flows

matters, and although those on the ground may develop over time an intuition for the

patterns we uncover here, the approach here has the advantage of extracting patterns

that may have been missed in practice.
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Patterns in migration flows

The covariates of migration

The question of why and when people leave their homes has received a substantial

amount of attention in the literature. The individual decisions leading each person or

family to leave are complex. Whether a person flees may depend on their means, their

tolerance for risk (Engel and Ibáñez, 2007), or their ability to secure a better alternative

elsewhere. These and other factors may in turn vary by age (Kassar and Dourgnon,

2014), education (Van Dalen, Groenewold, and Schoorl, 2005), gender (Lauby and

Stark, 1988), or personality (Arcand and Mbaye, 2013).

Beyond individual motives, a number of factors correlate with migration. Most

can be classified either as push or pull factors. Conflict (Davenport, W. Moore, and

Poe, 2003), human rights violations (W. H. Moore and Shellman, 2004), corruption

(Dimant, Krieger, and Meierrieks, 2013) or climate change (Dasgupta et al., 2016),

for example, tend to ‘push’ people away from their home. On the other hand, pull

factors may attract migrants to other countries: easily accessible neighbors (Turkoglu

and Chadefaux, 2019), well-functioning institutions (Ariu, Docquier, and Squicciarini,

2016) or income opportunities (Ortega and Peri, 2009).

While much of the literature focuses on push and pull factors, recent research has

begun to explore patterns within migration flows themselves. Some studies at the

country-year level have provided initial insights into temporal variations in migration

Melander and Öberg, 2006; Fearon, Shaver, et al., 2020. However, these analyses often

miss finer-grained temporal dynamics.

In short, we know that migration—whether forced or not—is affected by a multitude

of factors and their interactions (De Haas, 2011). What is less well understood are the
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dynamic processes that lead to migration. Indeed, it is likely that it is not solely the

raw value of these variables that matters, but also their evolution over time. In other

words, it may not be enough to say that the level of a particular variable matters; we

also need to understand how its variation over time may affect the dynamic of migration

itself.

Why Patterns?

Why would migration flows follow regular temporal patterns? While it is well under-

stood that migration is not random but is driven by various covariates, the idea that

there may be recurring temporal patterns in refugee flows has, to our knowledge, not

been explored. Of course, existing models do incorporate some elements of temporal

dependence, such as lags or first differences. However, these models cannot account (i)

for the variety of possible patterns; (ii) for their possible variations over time—the coef-

ficients that are true today may no longer be tomorrow; and (iii) for the fact that these

patterns may be warped and stretched versions of each other, such that a one-to-one

matching approach will not be able to uncover them.

First, patterns may emerge out of the complex interplay of variables. Patterns

emerge spontaneously in natural (Malchow, 2007), animal (Baurmann, Gross, and

Feudel, 2007), as well as in social phenomena (Chadefaux, 2021). Indeed, a highly

simplistic model alone is enough to generate temporal patterns. Suppose, for example,

that the number of migrants and the number of violent armed attacks are linked by a

system of two differential equations.

dp

dt
= αp− βpv, (8)

dv

dt
= δpv − γv, (9)
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Figure 31: Temporal patterns can emerge from simple differential equations.

where p denotes the population left in the area (and hence the number of migrants),

and v the number of violent events in the same area. dv
dt

and dx
dt

therefore represent the

growth rates of migrants and violent events at a particular time t. The underlying idea

is that violent events are more likely to take place when the population remains in the

area—when there are people to victimize; but people are more likely to flee when there

is more violence. This is clearly not a realistic model of migration, and has no intention

to represent the underlying dynamic or causes of migration. However, it illustrates that

even simple rules of interaction can lead to recurring non-linear temporal patterns (Fig.

31).

Second, migration may be driven by variables that themselves follow repeating tem-

poral patterns. Migration and refugee flows, for example, are frequently associated

with conflict (Schon, 2019), which itself can follow repeating temporal patterns (Chade-

faux, 2021). Climate-related factors have also been linked to migration (Kaczan and

Orgill-Meyer, 2020), and some of these patterns are obviously at least seasonal. Such

seasonality is easily captured by an ARIMA model. However, others may be more a
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complex and harder to define a priori. It may be the case, for example, that a recurrent

pattern of droughts over months or years drive people away. Such complex and nonlin-

ear patterns will be difficult or impossible to uncover for regular approaches relying on

lags or differencing.

Another cause for the emergence of migratory patterns is that people are likely to

react to real or observed patterns in their environment. Migrants may for example

respond to ongoing violence in the country. While the level of violence itself matters,

it is likely that they will also base their decision to move on the expected evolution of

future trends. These expectations will be based on past trends or mental models. If so,

migration itself will mimic the underlying patterns of these variables.

Indeed, humans excel at detecting patterns in their environment—conflict, climate,

technology, or their networks. A long literature in psychology and neuroscience shows

the ability of various organisms to form complex temporal representations of events

(Gallistel, 1990).35 People construct ‘mental models of temporal sequences of events’

(Schaeken, Johnson-Laird, and d’Ydewalle, 1996). “humans build discrete mental sim-

ulations of possibilities – mental models – when they reason.” “Reasoners do not repre-

sent all of the time points across which an event might endure. Instead, they construct

discrete tokens that stand in place of the beginnings and endings of those events (Kelly

and Khemlani, 2019). In other words, humans are able to adjust their mental models

to events of different duration, as long as these events form a similar pattern delineated

by key inflexion points. For example, while a single episode of drought may not prompt

widespread migration, a series of such events significantly increases the likelihood of

people relocating. This pattern suggests that not only the occurrence of adverse events

35Multiple theories account for our ability to recognize temporal patterns in our environments.
Feature detection theory, for example, suggests that we process information by sorting and filtering
incoming stimuli. Our feature detectors are individual or groups of neurons that encode specific
features. More complex feature detectors can detect more elaborate and specific features. We can
identify meaningful sequences of events thanks to our feature detection system (Reed, 2013).
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but their frequency and perceived future trend influence migration decisions. Similarly,

people will observe the unfolding of conflict events in their regions over time. As a

result, their behavior itself is likely to reflect these patterns—or a combination of them.

Looking at aggregate number of events or deaths in a given month may therefore not

be sufficient to capture the potentially complex patterns of violence that lead people to

flee.

Finally, patterns may arise due to factors unique to the migration context. A cru-

cial element of these dynamics is the influence of migration networks and remittances

in shaping migration trends over time. Migration networks, established by earlier mi-

grants, can facilitate subsequent migration by reducing costs and risks for new migrants

(Massey, Arango, et al., 1993. These networks can lead to cumulative causation, where

initial migration creates social structures that increase the likelihood of further migra-

tion Massey, Goldring, and Durand, 1994. Similarly, remittances sent by migrants to

their home communities can transform the economic landscape, potentially encourag-

ing or discouraging further migration depending on their usage Taylor, 1999. These

factors can create self-reinforcing patterns in migration flows that evolve over time,

underscoring the importance of examining not only the drivers of migration but also

the temporal patterns within the flows themselves.

A methodological problem

There are good reasons, however, for why temporal dynamics have received limited

attention. This is due to two limitations of the tools we have worked with so far. First,

data is typically limited to national and yearly levels, which does not offer the level of

granularity needed to understand the dynamics of migration over time, but rather only

lets us compare levels over long periods of time. Some work has started to look at more

granular levels (Mayen, Wood, Frazier, et al., 2022), but the data remains scarce.
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A second limitation is the difficulty of existing methods in the social sciences to

account for temporal dynamics. The methods we use—typically regression—are ill-

suited to incorporate the possibly complex ebbs and flows of a complex process such

as migration. Existing methods rely on correlation, which compares the raw values of

the covariates, and does not allow for possible warping in time and space. Correlation

(and therefore regression) relies on the comparison of more or less static covariates,

and only allows limited comparisons of time sequences. As a simple example, consider

the two sequences presented in Tab.5. Both are clearly similar in that they follow a

Time 1 2 3 4 5 6 7 8 9 10 11
a 5 3 1 3 5 3
b 5 4 3 2 1 2 3 4 5 4 3

Table 5: Two temporal sequences with varying lengths and speed.

‘down, up, down’ pattern. Yet, a unfolds over 6 time periods, but b over 11. Calculat-

ing the correlation between the two series is impossible due to their different lengths.

Even if we were to limit our attention to only six observations of b—as a regression

would—the correlation between the two is nearly zero. Existing methods that rely on

correlation patterns, such as ARIMA or distributed lag models can therefore not ad-

equately account for these patterns. While ARIMA models, for example, can model

complex and even nonlinear sequences, they are poor at recognizing similar sequences

that may unfold at different speeds. The same is true of standard regression models.

To be sure, there are alternatives to statistical approaches that can model time

sequences effectively. Systems dynamics models and agent-based models (ABMs) offer

detailed simulations of complex systems, capturing interactions and feedback loops.

However, they require significant development time and extensive domain knowledge,

making them resource-intensive. Deep-learning models for time series can also uncover

complex patterns in data but often require large datasets to perform effectively and
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face issues related to reproducibility and interpretability due to their non-deterministic

nature. Additionally, machine learning models can be finicky, often needing careful

tuning and large amounts of data to yield reliable results. Furthermore, relying on

a limited number of covariates, as we have done, offers significant advantages over

complex machine learning models with extensive features. This approach reduces the

risk of overfitting, simplifies interpretation, and requires less computational power and

data, making it more practical for many applications.

This inability to account for variations in length and speed is unfortunate, because

events may unfold at different paces. Episodes of violence and their associated trajec-

tories and shape may take place over days in some place, months in others. Ethnic

cleansing may unfold over weeks, as was the case of Rwanda, or years, as in Darfur.

The resulting patterns of migration may as a consequence be either fast or slow.

However, new data and methods now allow us to take into account not only static

factors, such as the number of conflict events or food prices, but also the dynamics—the

patterns—of these factors. We take advantage of methods derived mainly from speech

recognition to account for the possibility of patterns at different temporal levels.

As an illustration of our approach (detailed below), consider the sequences presented

in Fig. 32. They show the number of migrants (left, blue), the food price (center,

green) from the Melut region in South Sudan in 2022 (top) and Guit region in 2021

(bottom). The dynamics of monthly migration (blue) in Melut are visually similar to

those in Guit. The same applies to food prices (green). Both situations lead to similar

migration outcomes (red). Using information from Guit could help forecast events in

Melut. Below, we show how to identify similarities across multiple dimensions and find

close matches that improve future predictions.

Our approach offers several significant advantages over using complex machine learn-

ing models with extensive features. First, by focusing on a limited number of covariates,
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Figure 32: Human migration (blue) and Food price (in green) for Melut region in South
Sudan (top) and Guit (bottom). The red section represents the migration figures for
the three months following the depicted period (blue) for both regions.

we significantly reduce the risk of overfitting. Overfitting occurs when a model is too

closely aligned with the training data, capturing noise rather than the underlying pat-

tern. Models with extensive features are particularly prone to this issue because they

can fit the training data very well but fail to generalize to new, unseen data. In con-

trast, our approach with fewer covariates helps ensure that the model captures the

essential patterns that are likely to be present in future data, improving its robustness

and predictive power.

Second, a simplified model with fewer covariates enhances interpretability. In mi-

gration studies, it is crucial for policymakers and practitioners to understand the factors

driving migration flows. Complex machine learning models, while powerful, often op-

erate as “black boxes,” making it difficult to extract meaningful insights about the

relationship between covariates and migration patterns. Our approach, by limiting

the number of covariates, makes it easier to interpret the model’s outputs and under-

stand the impact of each factor on migration flows. This transparency is valuable for

developing targeted interventions and informing policy decisions.
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Third, models with a limited number of covariates require less computational power

and data, making them more practical for many applications. Complex machine learn-

ing models with extensive features often demand substantial computational resources

and large datasets to perform effectively. In many real-world scenarios, especially in

regions with limited data availability, such requirements can be prohibitive. Our ap-

proach is more efficient and accessible, allowing for effective migration forecasting even

with smaller datasets and limited computational infrastructure.

Data

Migration data are often limited to the country-year level. Most datasets list the flow of

migrants from one country to the next in any given year. While this level of analysis is

adequate for a static analysis of the factors leading to migration, they are not sufficient

to understand the temporal dynamics at play. Yearly, national-level data fail to capture

the subtleties of migration trends that occur on a finer temporal scale.

To address this gap, we take advantage of a unique dataset from the International

Organization for Migration’s Displacement Tracking Matrix (IOM-DTM) flow moni-

toring surveys. The dataset offers a detailed view of migration at the sub-national

level, providing monthly data on the origins of migrants within South Sudan from Jan-

uary 2020 to October 2022. The IOM-DTM captures displacement, including both

internal displacement within South Sudan and cross-border refugee movements. This

data encompasses individuals fleeing due to conflict, violence, human rights violations,

economic, healthcare, and natural or human-made disasters.36

The IOM-DTM conducts surveys at 31 critical transit points across South Sudan and

its borders, providing a level of temporal detail that annual data cannot achieve. The

36Note that the definition of ‘migration” in this context also include voluntary or economic migration,
such as seasonal labor movements or long-term economic relocation.

162



focus of our analysis is the monthly count of migrants leaving each of the 76 provinces

(administrative region 2) in South Sudan.37 For each of these regions, we obtain a time

series of 34 data points, each representing the number of migrants leaving each region

monthly from January 2020 to October 2022.

Additionally, we incorporate two key exogenous variables into our analysis: food

prices and conflict data. The inclusion of these variables is motivated by their signif-

icance as major push factors in migration, with both datasets offering the necessary

granularity for our analysis at a monthly and regional level. Food price data are de-

rived from the World Bank’s dataset, focusing on the monthly prices of beans in 29

markets across South Sudan (Andrée, 2021). These prices are then associated with the

nearest regions to each market, based on the assumption that populations primarily

access their nearest markets. Food prices can serve as a valuable proxy for assessing

both climatic and economic conditions. Extreme events such as droughts or floods have

a direct and significant impact on food prices. Therefore, fluctuations in food prices

give insights on the environmental and economic dynamics within a region. The con-

flict data are sourced from the Uppsala Conflict Data Program (UCDP) Georeferenced

Event Dataset (GED) (Sundberg and Melander, 2013; Davies, Pettersson, and Öberg,

2022), which provides us with monthly data on conflict events for each region in the

country over the entire period.

Methods

Our approach to uncover and use temporal patterns in migration data is twofold: first, it

involves the identification of recurring temporal motifs or patterns in migration data—

’motifs’. These motifs are not predefined but are instead extracted directly from the

37Three additional regions (Luakpiny, Manyo, and Ulang) were excluded due to the absence of
migrant data during the study period.
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data, allowing for the discovery of patterns that traditional static models may overlook.

Second, we use these extracted motifs to forecast migration at the regional level.

This methodological innovation hinges on the application of Dynamic Time Warping

(DTW), a technique that allows for the flexible comparison of time-series data, even

when these series unfold at different speeds. This flexibility is crucial for accurately

matching temporal patterns across different contexts and time frames. The following

sections detail the specific steps of this approach, including the extraction of motifs

from the data, the application of DTW for pattern matching, and the integration of

these elements into a predictive model for migration flows.

Searching for patterns

Identifying patterns in migration data is challenging due to their inherent complexity

and variability. There are generally two approaches to uncover these patterns. The

first would involve pre-defining patterns based on existing theories. For example, an

‘up-down-up’ pattern in migration could be hypothesized to reflect specific sequences

of events leading to increased migrant flow. However, this approach has limitations.

First, existing theories do not discuss temporal patterns, but rather focus on static

covariates like push and pull factors. As a result, we do not have a good theoretical

starting point to hypothesize the existence of particular shapes. Furthermore, relying

solely on pre-defined patterns risks missing out on discovering novel, potentially more

significant patterns that existing theories do not anticipate.

Our approach is more flexible. Instead of testing predefined patterns, we extract

relevant patterns directly from the data. This method involves analyzing historical

data to find matching sequences and using these patterns to forecast future events.

This approach has two advantages. First, it significantly reduces the risk of overfitting,

ensuring the patterns we identify reflect genuine trends rather than random noise.
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Secondly, by validating our model’s predictions against actual future events, we can

differentiate between true underlying phenomena and mere coincidences in the dataset.

Our approach to uncovering migration patterns thus involves two main steps: first,

measuring the similarity between time series, and then using these similarity scores to

create forecasts. We detail these steps below.

Matching subsequences

Traditional correlation analysis can fail to recognize similarities between time series.

For example, time series a and b in figure A.27 look alike, yet their correlation cannot

be calculated over the entire range, and is near zero regardless of how we truncate

b. We therefore rely on Dynamic Time Warping (DTW), a method that allows us to

match time series with more flexibility on the time dimension. DTW is a method for

measuring the similarity between two time series by examining how well the overall

patterns of the time series match, even if they do not align perfectly in time. This is

different from traditional methods that only focus on the differences in values at each

specific time point.

The essence of DTW lies in its ability to adjust time indices between two series.

This involves strategically modifying the time dimension of the series through stretching

or compressing, and possibly duplicating or shifting data points, to achieve alignment

of similar patterns. Such adjustments allow for a more natural comparison beyond

mere point-to-point differences, focusing on the overarching shape or pattern similarity

between the series.38 Dynamic time warping allows us to find similarities between time

series, even when these series unfold at different speeds. The advantage is that we can

uncover time series with similar shapes, in contrast to existing approaches, which focus

38For a more detailed explanation of the DTW algorithm and its implementation, please refer to
appendix A.4 and Müller (2007).
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on the raw values of the covariates.

We apply DTW to find resemblances between time series representing migration

and covariates (food prices and conflict) even when they unfold at different rates. By

focusing on shape similarities, we can better anticipate future trends in migration. The

distance between two region-months (our unit of analysis) i and j is defined as the sum

of the DTW distances across these variables:

di,j =
∑
v

DTW(seqi,v, seqj,v), (10)

where v represents each variable of interest—Food prices, Conflict fatalities, and Mi-

gration.39 Based on the distance di,j, the observation is classified as a match if the

distance is smaller than a threshold θ.40 The overall process is described in figure 33.

Forecasts

To forecast the number of migrants originating from a particular region in a given

month, we follow three simple steps. First, the most recent time series of region i

is extracted. Then time series with a suitably small distance di,j are extracted in the

historical data. To identify these matches, we consider all regions of South Sudan in the

past. Finally, the subsequent h ∈ {1, 2, 3} values of these matches—what we call past

futures—are collected (squared sequences in figure 33). The predicted values are then

39Note that using a simple sum of these distances may not be the most effective approach. A more
refined method could involve a weighted average, where the weights are derived from the data itself,
potentially leading to improved accuracy. Nevertheless, our current focus is on maintaining simplicity
in our methodology, and as such, we opt for the straightforward summative approach at this stage.
Results for different weights do not substantially differ from the ones presented here and are reported
in appendix figure A.31.

40The model uses an observation window of 6 months for all variables. The threshold to classify two
cases as similar is set to 3, using normalized (min-max from 0 to 1) sequences. Several threshold values
were evaluated, however, the highest-scoring threshold value of 3 was found to be the most effective,
achieving a valid balance between specificity and generalization. The individual flexibility for each
variable is approximately 1 under this threshold configuration.
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Figure 33: Illustrative representation of the shape similarity model’s match-finding and
forecasting methodology. Displayed in the top-right quadrant are the most recent shape
observations for each variable within the specified region. A rolling window approach is
applied to each region to identify instances of similarity. Upon recognizing a similar case
(e.g., April 2022 in Region I), the migration values of the ensuing month are recorded
and categorized as ‘Past Future’. The predicted value is then computed as the average
of these ‘Past Future’ sequences.

the mean values of these past futures. Thus, the prediction for region i and time t+ h

is the mean of matching units j at time s + h, where s is the time at which matching

unit j was observed.41 Note that forecasts are made for all h ∈ {1, 2, 3} simultaneously

at time t. As a result, the quality of predictions is expected to decrease as h increases.

41Note that all subsequences are normalized with Min-Max scaling from 0 to 1 to facilitate the com-
parison of shapes rather than magnitudes. The ‘past futures’ are scaled based on their corresponding
subsequences, and the forecasted values are determined from normalized mean values. Afterward,
the forecasted values undergo a reverse normalization transformation to obtain the final prediction,
ensuring its adjustment to the original scale of the data.
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Evaluation

We evaluate our forecasts by comparing them to two benchmarks. The first, Auto

Regressive Integrated Moving Average (ARIMA), is a widely-used model for forecasting

time series. The model is defined by the following equation:

∆dYt = µ+ ϕ1∆
dYt−1 + . . .+ ϕp∆

dYt−p + θ1εt−1 + . . .+ θqεt−q, (11)

where ∆dYt represents the d-th order differenced series, µ is the intercept ϕ1, . . . , ϕp

are the autoregressive coefficients, θ1, . . . , θq are the moving average coefficients.

The ARIMA model can handle a variety of time series patterns, including trends

and seasonality, by incorporating differencing, which makes it robust in dealing with

non-stationary data. The model’s capability to integrate autoregressive and moving

average components allows it to capture both short-term and long-term dependencies

in the data.

Our second benchmark, Long Short Term Memory (LSTM), is a derivative of Re-

current Neural Networks (RNN), with the added advantage of being able to handle

long-term dependencies in sequential data. This makes them ideal for complex time se-

ries forecasting tasks where context and history significantly influence future predictions

(see appendix A.4 for details).

For each of the three models, the division of data into training and test sets follows a

90/10 ratio. This allocation translates to a test set duration of 3 months. The decision

to opt for this distribution is based on the limited amount of data we have at our

disposal, yet still leaves us with 228 observations (three observations for each of the 76

regions)—enough to derive statistically significant conclusions.
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Results

Patterns

Figure 34 displays sample matches from the data, illustrating specific recurring in-

stances of patterns. These observed patterns are likely the result of the complex inter-

play between various factors influencing migration, such as economic conditions, con-

flict, climate patterns, and human behavior as individuals respond to their changing

environment.

However, sample repetitions are not enough to reach any conclusions, as these rep-

etitions may occur by chance. After all, even a suitably long white noise series would

include repeating patterns. Consequently, a pivotal question is whether these patterns

are meaningful. Investigating the outcomes that follow such patterns can provide in-

sights. If patterns do carry information, then we would expect similar patterns to

lead to similar outcomes—something we would not expect from white noise. Suppose,

for example, that pattern A is followed by a wide range of outcomes—many migrants

sometimes, few others—whereas pattern B is consistently followed by a large number

of migrants. Clearly, pattern B in this case is more informative.

To put this concept into practice, we gathered the standard deviation of the events

following each identified pattern. A substantial standard deviation would imply that the

observed patterns are predominantly stochastic and, hence, offer negligible predictive

utility. In contrast, a minimal standard deviation signals that the outcomes subsequent

to the patterns exhibit a high degree of uniformity. In Figure 35, the y-axis denotes

the standard deviation of the ‘post-patterns’—the sequence of three observations that

immediately follows the pattern—while the x-axis sorts patterns by their proximity.42 A

42This interval is constructed as ±t0.975,n−1 ∗ SD/
√
n where t0.975,n−1 is the critical value of t, SD

the standard deviation and n the number of observations.
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Figure 34: Illustrative matches of temporal migration patterns (red), food prices
(green), and conflict (yellow) from various regions and time periods in South Sudan,
identified through dynamic time warping analysis. Each row showcases the data from
a distinct region, with time plotted on the x-axis and the number of migrants on the
y-axis. The columns represent these three variables for different regions or time periods.
The intensity of the grey in the background series indicates the degree of similarity to
the colored reference series (darker = more similar).

clear inverse relationship is observed: similar patterns are followed by similar outcomes,

whereas dissimilar patterns exhibit larger standard deviations. This trend suggests that

closer patterns lead to more consistent and predictable migration flows, suggesting that

temporal motifs in migration data do carry important information.

Figure A.29 illustrates instances where patterns of human migration, food prices,

and conflict fatalities are combined, along with the visual representation of their corre-

sponding following migration values. The combination of patterns associated with the
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Figure 35: Pattern dissimilarity (D) and post-pattern migration consistency. The graph
illustrates the inverse relationship between the degree of similarity in migration patterns
(x-axis) and the standard deviation (σ) of subsequent migration flows (y-axis). Lower
standard deviations following post-patterns (the three observations that immediately a
sequence) indicate more predictable migration outcomes, underscoring the potential of
using pattern similarity as a forecasting tool. The data suggest that as the proximity
of patterns increases, the predictability of migration trends also increases, indicating
that patterns carry important information.

highest standard deviation (top) and the lowest SD (bottom) of the following values

are displayed.

Forecasts

We now validate the idea that these patterns carry valuable information by using them

to forecast future migration values. To compare the performance of our proposed model

against benchmarks, we rely on the log ratio of Mean Squared Error (MSE) as our

primary metric. The choice of MSE is motivated by its widespread use and ease of

interpretation, making it an ideal standard for assessing and contrasting the efficacy of

the different models in our study.

In Figure 36 we present the log ratio of the mean squared errors (MSE) from our

predictions.43 Each point on the plot represents the average squared errors across all

43Using ratios directly can be misleading due to their asymmetry: decreases fall between zero and
one (e.g., 0.5 means half), while increases can be any number above. So simple ratios are not symmetric
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time periods for a particular region.44 A positive ratio indicates that the benchmark

has larger errors than our model—i.e. that its performance is worse. We find that the

ratios for both benchmarks are significantly above zero (1.92 and 0.89 for LSTM and

ARIMA respectively, with t-tests significant at the p < 0.001 level). These results hold

for a variety of metrics (table 6). These results hold for all h ∈ {1, 2, 3} but not beyond.

This is to be expected, as outperforming a model that more or less predicts the im-

mediate past (ARIMA) becomes exceedingly difficult without incorporating additional

information.

Table 6: Mean and 95% Confidence Intervals for various prediction metrics across
different models.

Metric LSTM ARIMA ShapeFinder

RMSE 260 ± 159 149 ± 107 120 ± 86
Med. Abs. Err. 238 ± 148 121 ± 88 81 ± 58
MAPE 4.5× 1016 ± 5.9× 1016 9.8× 1015 ± 1.1× 1016 1.8× 1015 ± 1.3× 1015

MAE 248 ± 155 134 ± 100 103 ± 75

In Figure 37, the geographical distribution of results is illustrated. Each region is

color-coded based on the best model for that region. This gives us a sense not only of

how much the MSE improves, but how often. Out of the three models, our model, la-

beled as ’ShapeFinder’ (dark blue), has the lowest MSE in 70% of the regions. ARIMA,

indicated by the light blue color, and LSTM in purple, are best in significantly fewer

regions—15 and 8 respectively. Additionally, in the three regions with the highest count

of migration values (Morobo, Juba, and Rubkona), our model has the best performance.

around the point of no change (1.0). By applying the logarithm to ratios, we achieve symmetry: no
change corresponds to zero, increases are positive, and decreases are negative, making the log of 2.0
and 0.5 symmetric around zero.

44In other words, each point corresponds to log
(

MSEbenchmark+1
MSEShapeFinder+1

)
. The addition of one is a common

technique to ensure that the log function is defined even when MSE values are zero.
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Figure 36: Log Ratio of the Mean Squared Error (MSE) for benchmark models (LSTM
and ARIMA) compared to the shape similarity model. Each point represents a region
of South Sudan. Points above the zero line indicate regions where the benchmark model
has a higher (i.e., worse) MSE than the shape similarity model.

Covariates

Furthermore, regional variations in food prices and conflict fatalities provide further

insights. Figure 38b highlights the North-East regions with higher food prices. In these

regions, which exhibit the highest mean value in food prices, ARIMA or LSTM models

perform best in 80% of the cases. This is further supported by the regression results

shown in 38a. The negative regression coefficient implies that as food prices increase,

model performance deteriorates. This observation is consistent with the findings of
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Figure 37: Map of the best-performing model for each region in South Sudan. Different
colors indicate the model with the lowest Mean Squared Error (MSE) in each respective
region. The accompanying bar plot shows the number of regions where each model
achieved the best performance.

Smith and Wesselbaum, 2022, where a linear relationship between food insecurity and

migration flows was identified. Given this linearity, simpler models like ARIMA perform

well, suggesting that our more complex model may not be necessary.

Conversely, figure 39b shows regions with the highest sum of fatalities due to conflict.

In these regions, 80% of the highest fatalities are best modeled using the ShapeFinder

model. In 39a, the quadratic regression between conflict fatalities and the MSE log

ratio is displayed for the two models, indicating that our model performs better in

conflict-affected regions, but its effectiveness decreases as the number of fatalities rises.

These findings underscore the importance of considering regional characteristics when

selecting and evaluating models. The consistent performance of different models in

varying contexts highlights the robustness of the proposed modeling framework, despite

changes in the weight configurations.
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(a) (b)

Figure 38: (a) MSE Log Ratio (in y) per Mean Food Price (in x). One point represents
one model/region compared to our model. A positive point shows better performance
for our model, contrary to negative points. The line represents the linear regression
curves for LSTM (purple) and ARIMA (blue). The shaded area is the 95% Confidence
Interval. (b) Average Food Price Per Region before the forecasting evaluation period
(February 2022 - July 2022). The darker blue represents higher values.

Discussion

By expanding beyond static value-based models, this study enhances our understanding

of migration trends in several ways. Static models typically rely on fixed data points,

offering a snapshot view that may overlook underlying trends and patterns. In contrast,

a dynamic approach analyzes changes over time, revealing how migration patterns—not

just raw values—influence overall migration. Additionally, the inclusion of sequences

associated with food prices and conflict dynamics allows us to model more complex

temporal interactions and understand how they affect migration.

However, the study also faces significant data challenges. Continuous, fine-resolution

data on migration are scarce, with most available datasets being limited in temporal

and geographical scope. While projects like those led by the International Organization

175



(a)
(b)

Figure 39: (a) MSE Log Ratio (in y) per Conflict Fatalities (log) (in x). One point
represent one model/region comparison to our model. A positive point shows bet-
ter performance for our model, contrary to negative points. The line represents the
quadratic regression curves for LSTM (purple) and ARIMA (blue). The shaded area
is the 95% Confidence Interval. (b) Sum of Conflict Fatalities Per Region before the
forecasting evaluation period (February 2022 - July 2022). The darker blue represents
higher values.

for Migration (IOM) in Iraq offer better granularity, they are hindered by data discon-

tinuities, which pose a challenge for time series analysis and pattern extraction. The

cost and logistical complexity of gathering migration data, typically through interviews

at key migration points, contribute to the rarity of long-term data projects. Emerging

techniques using nightlight satellite imagery or social media data show promise but are

still developing and currently lack reliability.

Another limitation is that while our model excels at identifying changes, it cannot

predict shifts from long periods of inactivity to activity. This limitation is not specific to

our approach but is common in autoregressive models. Indeed, most statistical models

often miss the onset of new trends following prolonged stability.

On the other hand, a significant advantage of the methodology presented here is

its efficacy in extracting meaningful patterns and making predictions, even with small
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datasets. This capability is particularly crucial in fields like migration studies, where

data can be scarce or irregular. The model’s ability to extract and use underlying

patterns in limited datasets sets it apart from traditional models that often require

large, comprehensive datasets to yield accurate forecasts. Furthermore, by relying on a

limited number of covariates, our approach reduces the risk of overfitting, simplifies in-

terpretation, and requires less computational power and data, making it more practical

for many applications.

The methodology presented thus has broader applications beyond migration studies

and could contribute to forecasting in fields such as conflict fatalities, or epidemiology,

where data can be scarce. By focusing on extracting and using temporal patterns, our

approach provides a robust framework for improving predictive accuracy and under-

standing complex temporal dynamics across various domains.
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A Appendix

A.1 Appendix : Paper 1

Figure A.1: We use brute-force optimization to tune the hyperparameters of the Shape
finder algorithm. We use the 12 months in 2021 as validation data. More specifically, we
use all data between 1989 and 2019 to create historical matches for the input sequences
in 2020. Hyperparameters are optimized for predictions in 2021. The best set of
hyperparameters is used to fit the final model, returning predictions for 2022 and 2023.
The hyperparameter combination dist = 0.1 and cut = 12/3 = 4, highlighted with
marker ×, has the best performance in the validation data, showing the highest DE
and the lowest MSE.
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Figure A.2: We perform a robustness check for how we handle flat input sequences.
More specifically, we demonstrate that returning flat predictions for flat input se-
quences does not change the performance of the ViEWS ensemble. We calculate the
MSE log-ratio between ViEWS and the null model, taking the null model as baseline,

log
(

mseViEWS

mseNull

)
. A positive value signifies that the null model performs better than

ViEWS. For the majority of flat input sequence (86%), the next 12 months are flat as
well. For those cases, using the null model instead of ViEWS significantly improves the
prediction error. For flat input sequences with a non-flat future (14%), using the null
model instead of ViEWS significantly worsens the MSE. Nevertheless, the prediction
gain from ViEWS in comparison to the null model is arguably not substantial. This
highlights the difficulty of anticipating conflict onsets. For the whole sample (all), using
the null model instead of the ViEWS predictions does not significantly change perfor-
mance.
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Figure A.3: Selection criteria for the compound model. The compound model uses
the Shape Finder prediction for cases above the horizontal line and to the left of the
vertical line, representing low- and medium-intensity cases with high confidence. For
cases below the horizontal line and to the right of the vertical line, representing high-
intensity or low-confidence cases, the ViEWS prediction is selected. The dashed lines
reflect theoretical considerations: Shape Finder is preferred for high-confidence cases,
while ViEWS is selected for high-intensity cases. Overall, 66% of the predictions are
based on Shape Finder, and 33% on ViEWS. Black points indicate that the MSE log
ratio is positive (Shape Finder performs better), while gray points indicate a negative
ratio (Shape Finder performs worse).
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Figure A.4: Fictional data example illustrating how we select the balancing factor k = 5
in the difference explained (DE) equation. On the left, the actual outcome is shown in
black. A risk-averse prediction is produced by model 3 (dotted line), a high variation
prediction is produced by model 2 (dashed line) and model 1 yields the most accurate
prediction (solid gray line). On the right the corresponding DE values for k equal 1, 5
and 10 are presented. If a low k factor is chosen (k = 1), the risk-averse model (model
3) has the best performance. Conversely, a high k factor (k = 10) suggests selecting
the high variation model (model 2). The k value rewarding the most accurate model
(model 1) is k = 5. Based on this experiment, we select 5 as balancing factor.
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Figure A.5: We examine how varying the balancing factor (k) influences model perfor-
mance. For the ViEWS ensemble, changing k does not affect the results. For the Shape
Finder, t − 1 model, and the null model, decreasing k results in worse performance,
while increasing k leads to better performance. However, the primary findings remain
robust across different values of k.

Table A1: We validate whether the Shape finder overpredictions are due to matching
low- with high-intensity cases. For this, we calculate the percentage of matches by
scale, considering bins of fatalities <10, 10–100, 100–1000, >1000. For reference, we
also present the scale of the input and the MSE log-ratio. Except Uzbekistan, more
than 50% of matches are from cases with a lower intensity in comparison to the input
scale. This supports the idea that the overpredictions occur due to matching high-
intensity and low-intensity cases.

Percentage of match by scale Scale of MSE
<10 10-100 100-1000 >1000 input log-ratio

Afghanistan 2021 0.14 0.14 0.29 0.43 >1000 -4.62
Tajikistan 2022 0.10 0.60 0.10 0.20 100-1000 -4.02
South Sudan 2021 0.08 0.46 0.31 0.15 100-1000 -2.75
Uzbekistan 2022 0.40 0.60 0.00 0.00 10-100 -0.76
Iran 2023 0.62 0.38 0.00 0.00 10-100 -0.61
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Figure A.6: These examples contrast the difference explained (DE) with the mean
squared error (MSE). DE encourages risk-taking and MSE encourages risk-aversion.
The black lines represent the true value, the dotted lines represent the ViEWS pre-
diction, and the dashed lines the Shape finder results. The bottom row shows cases
where Shape finder has a lower DE compared to ViEWS, and the top row shows cases
where Shape finder is better. The same applies to MSE, with worse outcomes in the
left column and better ones in the right column. Shape finder has a better DE when
ViEWS produces flat predictions, while the MSE is worse in such instances. Shape
finder has a lower MSE if ViEWS yields overpredictions, while the DE is worse in those
cases.
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Figure A.7: We validate whether our findings hold when using the Dynamic Time
Warping (DTW) distance as evaluation metric. For this purpose, we calculate the

DTW ratio, comparing the Shape finder to the reference models, log
(

DTWmodel

DTWShape finder

)
.

A positive value indicates that the Shape finder produces more accurate predictions,
when comparing the distance between the actual future and the predicted time series
using DTW. We find that the Shaper finder performs better than the ViEWS ensemble,
and the t−1 model, when judged by the DTW distance. The difference between Shape
finder and the null model is positive, although not statistically significant.
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Figure A.8: Mean log-ratio for difference explained (DE) and mean squared error
(MSE). The log-ratios are computed using the compound as base. For DE, a nega-
tive log-ratio signifies that the compound outperforms the reference model. Conversely,
for MSE, a positive log-ratio indicates that the compound performs better. Validat-
ing the effect of increasing the forecasting horizon, we present results for 1–4 months
ahead (A), 5–8 months ahead (B) and 9–12-months ahead (C). Our findings hold across
prediction horizons. For better visibility, we exclude the null model, which has sub-
stantially larger log-ratios than the remaining models.
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Figure A.9: Using a decision tree (left), we identify a cluster of well-performing cases.
The decision tree takes the MSE log-ratio as output and as input a number of time
series characteristics. Well-performing cases are located in the upper left quadrant of
the scatter plot, indicated by the gray shading. Those are input sequences with a high
mean and a low standard deviation of the differentiated input sequence. The scatter
plot shows the standard deviation of the differentiated input sequences (x-axis) over
the mean value of the input sequences (y-axis). The MSE log-ratio comparing ViEWS
and Shape finder is represented in color. A blue shading signifies a positive log-ratio
and thereby a more accurate Shape finder forecast. A red shading signals a negative
log-ratio and thereby a more accurate ViEWS forecast. The size of each point refers to
the log value of the number of fatalities in the forecasting window.
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Figure A.10: Using a decision tree (left), we identify a cluster of poorly-performing
cases. The decision tree takes the MSE log-ratio as output and as input a number
of time series characteristics. Poorly-performing cases are located in the lower right
quadrant of the scatter plot, indicated by the gray shading. Those are input sequences
with a low mean and a high standard deviation. The scatter plot shows the standard
deviation of the input sequences (x-axis) over the mean value of the input sequences (y-
axis). The MSE log-ratio comparing ViEWS and Shape finder is represented in color.
A blue shading signifies a positive log-ratio and thereby a more accurate Shape finder
forecast. A red shading signals a negative log-ratio and thereby a more accurate ViEWS
forecast. The size of each point refers to the log value of the number of fatalities in the
forecasting window.
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Figure A.11: We validate whether our observation regarding the characteristics of the
best performing cases holds across the entire sample. The scatter plot shows the sum
of the log-transformed fatalities in the forecasting window over the normalized mean
squared error (MSE), likewise considering the log-transformed values. The gray points
refer to all input sequences, and the gray line is the corresponding linear regression
function. The black crosses are those cases that fit the criteria where the Shape finder
performs well—high mean value and low standard deviation of the differentiated input.
These cases have a systematically lower MSE, supporting our interpretation.
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Figure A.12: We verify the time series characteristics of well- and poorly-performing
cases against the categorization into low- and high-complexity cases. Time series with
a high mean (Mean) and low standard deviation of the differentiated series (SD (diff))
are highly complex, showing multiple ups and downs in the number of fatalities (left
panel). Time series with a low mean (Mean) and a high standard deviation (SD) are
low complexity cases, showing single peaks amidst zero fatalities (right panel).
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Figure A.13: We perform a range of robustness checks for a set of suggested modifi-
cations to the Shape finder. For each modification to the Shape finder algorithm, we

report the log-ratio, log
(

mModified Shape finder

mShape finder

)
, wherem ∈ {MSE,DE}. The original Shape

finder model is the baseline, which means that positive values signify that the original
algorithm performs better than the modified one. (a) Instead of clustering futures, we
select the future of the top closest match, or take the average future of the three or
five closest matches. This modification deteriorates performance on both MSE and DE
(b) Increasing or decreasing the cut-off value (cut) in the hierarchical clustering does
not significantly change performance (c) Increasing the distance (dist) for the filtered
reference repository either does not change performance significantly, or deteriorates
performance on DE, while leading to only a small gain in MSE (d) Increasing or de-
creasing the window (win) of the reference subsequences does not significantly change
the performance (e) The Shape finder performs significantly better than the shape-
based approach presented in Chadefaux (2022), in particular in terms of MSE (f) Using
a random selection of non-flat historical references instead of the filtered repository does
significantly deteriorate performance when considering the prediction error (g) Using
the weighted average of time series within the majority cluster as prediction, instead of
the centroid, does not significantly change the performance. The weights are based on
the distance to the input sequence.
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Figure A.14: We validate whether the size of the cluster is associated with the prediction
performance. For each case, we select the prediction from the smallest cluster, the
median cluster, and the majority cluster and compare the predictions to the actuals,
by calculating the log-ratio mean absolute percentage error (MAPE). A larger value
signals a higher prediction error, and a smaller MAPE suggests better performance. The
Shape finder produces the most accurate predictions for the majority cluster, and the
prediction error is largest when using the centroid of the smallest cluster as prediction.
The smallest cluster contains outlier cases.
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Figure A.15: We validate whether the Shape finder predictions are well-calibrated.
More precisely, we calculate the percentage of actual futures that would be assigned to
the majority cluster using the Shape finder matching approach, differentiated by the
size of the majority cluster. As expected, the larger the size of the majority cluster,
the higher the percentage of actual futures assigned to the centroid.
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A.2 Appendix : Paper 2
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Example of forecast : Prio-Grid level

(a) Best performing cases

(b) Worse performing cases

Figure A.16: Examples of best (top) and worse (bottom) Prio-Grid MSE scores. The
red line is the SF values, the grey is Views, and the black is the observed values.
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Example of forecast : Pattern level

(a) Lake Chad area - Jan-June 2022

(b) North Mozambique - July-Dec 2023

(c) Levant Region - Jan-June 2022

(d) North Iraq - Jan-June 2022

Figure A.17: Examples of four Pattern ShapeFinder Forecast (left), Views Forecast
(middle), and Observed values (right). The darker the red, the higher the fatality
value. The values are aggregated per Prio-Grid over the 6-month period.
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Under/over prediction robustness test

Figure A.18: Boxplot of the Mean Average Percentage Error (MAPE) for both models,
SF and Views. A positive value corresponds to an overprediction, in contrast to a
negative value.
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Figure A.19: Boxplot of the Maximum Percentage Error for both models, SF and Views.
A positive value corresponds to an overprediction, in contrast to a negative value.
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Kenya-Somalia example

Figure A.20: Projection of fatalities values over the Longitude (left), Latitude (middle),
and Time (right). The black line corresponds to the observed values, the green to the
Views prediction, and the red to the ShapeFinder prediction.

Figure A.20 compares the forecasted projections of fatalities from the ShapeFinder

(SF) model and the Views model against the actual observed values. The black line

represents the observed data, while the green and red lines correspond to the Views

and ShapeFinder predictions. Our model demonstrates a clear ability to capture the

peak of fatalities accurately in both longitude and time dimensions. However, it misses

the peak value in latitude by one unit, indicating a minor spatial misalignment. In

contrast, the Views model exhibits a consistent overprediction, especially in the first

two-month horizon.
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Diffusion of fatalities to neighboring cells

Figure A.21: Histogram of the number of active cells in the spatial neighborhood (5×5
grid) during the future window (t+1 to t+6), conditioned on the number of active
neighboring cells during the past window (t-12 to t). Each panel corresponds to a
different level of past activity (N = 1 to 15), where N is the number of active cells in
the 5×5 neighborhood from t-12 to t. The red bar in each histogram indicates the most
frequent outcome.
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Grid example calculation

In this section, the calculations of the Spatial Distance, Earth Mover’s Distance (EMD),

and Euclidean distance of the example presented in Figure 11 are detailed. As a re-

minder, the patterns are represented in Figure A.22 with the cell values.

Figure A.22: Representation of the example shown in Figure 11. Three patterns on a
5×5 grid over three months. The x-axis represents longitude, and the y-axis represents
latitude. The cell color indicates the number of fatalities per month, ranging from 0
(white) to 9 (dark red), with darker shades representing higher values. The number in
the center of the cell indicates the value of the cell.
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Spatial Distance

In classical spatial regressions, the model includes a spatial lag, with higher weights

assigned to the closest neighbors. In our example, where the central cell is the point of

interest, the weights would be:

weights =



0.01 0.05 0.1 0.05 0.01

0.05 0.3 0.5 0.3 0.05

0.1 0.5 1.0 0.5 0.1

0.05 0.3 0.5 0.3 0.05

0.01 0.05 0.1 0.05 0.01



In the matrix, the highest weight is placed at the center (cell [2,2] in the matrix),

and the weights decrease as the distance from the central cell increases. These weights

are proportional to the distance from the center of the grid.

Then, if we define the spatial distance SPP1,P2 between pattern 1 and pattern 2

with:

SPP1,P2 =
∑
month

|
∑

lat,long

P1,lat,long,m ∗ weightslat,long −
∑

lat,long

P2,lat,long,m ∗ weightslat,long|
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Then :

α = P1,lat,long,m ∗ weightslat,long

=





0.00 0.05 0.20 0.05 0.00

0.10 2.70 3.00 1.50 0.10

0.10 2.50 5.00 1.50 0.10

0.10 0.90 2.00 0.90 0.10

0.00 0.05 0.20 0.05 0.00


,



0.00 0.10 0.30 0.10 0.01

0.05 1.50 2.50 1.20 0.15

0.20 2.50 8.00 1.50 0.20

0.05 1.20 2.00 0.90 0.15

0.01 0.10 0.10 0.10 0.01


,



0.00 0.10 0.40 0.15 0.00

0.10 0.60 3.00 1.50 0.20

0.20 2.50 6.00 4.50 0.30

0.10 0.60 3.00 1.50 0.20

0.02 0.10 0.40 0.15 0.00





β = P2,lat,long,m ∗ weightslat,long

=





0.01 0.00 0.10 0.00 0.01

0.05 2.70 3.00 1.20 0.00

0.00 3.00 3.00 1.50 0.30

0.10 0.60 1.50 0.60 0.00

0.00 0.05 0.20 0.05 0.02


,



0.01 0.05 0.30 0.10 0.00

0.15 1.80 3.00 1.50 0.10

0.30 3.00 9.00 1.00 0.20

0.15 1.50 1.00 0.30 0.10

0.00 0.15 0.40 0.15 0.00


,



0.01 0.10 0.30 0.10 0.01

0.05 0.60 4.00 2.10 0.10

0.10 2.00 8.00 4.50 0.50

0.05 0.60 4.00 2.10 0.10

0.00 0.05 0.20 0.05 0.03





So:

SPP1,P2 =
∑
month

|
∑

αmonth −
∑

βmonth|

= 3.21 + 1.33 + 4.03 = 8.57
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Similarly for SPP1,P3 ,

δ = P3,lat,long,m ∗ weightslat,long

=





0.01 0.05 0.10 0.05 0.01

0.05 1.20 2.50 1.20 0.05

0.10 2.50 8.00 2.50 0.10

0.05 1.20 2.50 1.20 0.05

0.01 0.05 0.10 0.05 0.01


,



0.01 0.05 0.10 0.05 0.01

0.05 1.20 2.50 1.20 0.05

0.10 2.50 8.00 2.50 0.10

0.05 1.20 2.50 1.20 0.05

0.01 0.05 0.10 0.05 0.01


,



0.01 0.05 0.10 0.05 0.01

0.05 1.20 2.50 1.20 0.05

0.10 2.50 8.00 2.50 0.10

0.05 1.20 2.50 1.20 0.05

0.01 0.05 0.10 0.05 0.01




So:

SPP1,P3 =
∑
month

|
∑

αmonth −
∑

δmonth|

= 2.44 + 0.71 + 1.98 = 5.13
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Earth Mover’s Distance

The Earth Mover’s Distance (EMD) is computed as follows:

EMD =
∑
i,j

γ∗
i,j ∗ ci,j

where γ∗
i,j is the Optimal Transport Matrix or the matrix that lowers the transport

cost. ci,j is the cost matrix of the Euclidean distance between the points i and j.

The Optimal Transport Matrix is computed from the “Source” distribution called

w1 (i.e., the normalized fatalities of pattern 1) and the “Target” distribution w2 (i.e.,

the normalized fatalities of pattern 2).

The normalized patterns are computed as:

P norm
1 =

P1∑
P1

, P norm
2 =

P2∑
P2

This gives us the following points :

Pattern 1 Pattern 2

Longitude Latitude Month Fatatiliesnorm Longitude Latitude Month Fatatiliesnorm

0.0000 0.0000 1.0000 0.0047 0.0000 0.0000 0.0000 0.0048
0.0000 0.0000 2.0000 0.0094 0.0000 0.0000 2.0000 0.0048
0.0000 0.0000 3.0000 0.0047 0.0000 0.0000 4.0000 0.0048
0.0000 1.0000 0.0000 0.0094 0.0000 1.0000 0.0000 0.0048
0.0000 1.0000 1.0000 0.0425 0.0000 1.0000 1.0000 0.0429
0.0000 1.0000 2.0000 0.0283 0.0000 1.0000 2.0000 0.0286

...
...

...
...

...
...

...
...

2.0 4.0 2.0 0.0189 2.0 4.0 3.0 0.0048
2.0 4.0 3.0 0.0142 2.0 4.0 4.0 0.0143
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After computation of the optimal transport matrix, we obtain :

γ∗
i,j =



0.0046 0.0 0.0 ... 0.0 0.0 0.0

0.0 0.0048 0.0 ... 0.0 0.0 0.0

0.0 0.0 0.0046 ... 0.0 0.0 0.0

...
...

...
. . .

...
...

...

0.0 0.0 0.0 ... 0.0 0.0 0.0

0.0 0.0 0.0 ... 0.0095 0.0 0.0

0.0 0.0 0.0 ... 0.0 0.0048 0.009



Then, the Euclidean distance between the coordinates of both patterns is calculated

using:

di,j =
√

(longi − longj)2 + (lati − latj)2 + (monthi −monthj)2

This results in a cost matrix ci,j of shape (n1, n2), where n1 is the number of non-zero

cell in pattern1, and n2 the number of non-zero cell in pattern2.

ci,j =



1.0 1.0 3.0 ... 4.5826 4.899 5.3852

2.0 0.0 2.0 ... 4.4721 4.5826 4.899

3.0 1.0 1.0 ... 4.5826 4.4721 4.5826

...
...

...
. . .

...
...

...

4.5826 4.5826 5.3852 ... 1.0 2.0 3.0

4.899 4.4721 4.899 ... 0.0 1.0 2.0

5.3852 4.5826 4.5826 ... 1.0 0.0 1.0


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So:

EMDP1,P2 =
∑
i,j

γ∗
i,j ∗ ci,j

= (0.0046× 1.0) + (0.0046× 1.0) + ...+ (0.009× 1.0)

= 0.2290

Similarly, we repeat the operation with P1 and P3.

γ∗
i,k =



0.0 0.0047 0.0 ... 0.0 0.0 0.0

0.0 0.0008 0.0056 ... 0.0 0.0 0.0

0.0 0.0 0.0 ... 0.0 0.0 0.0

...
...

...
. . .

...
...

...

0.0 0.0 0.0 ... 0.0 0.0 0.0

0.0 0.0 0.0 ... 0.0056 0.0 0.0

0.0 0.0 0.0 ... 0.0 0.0056 0.0



ci,k =



1.0 0.0 1.0 ... 4.5826 4.899 5.3852

2.0 1.0 0.0 ... 4.4721 4.5826 4.899

3.0 2.0 1.0 ... 4.5826 4.4721 4.5826

...
...

...
. . .

...
...

...

4.5826 4.4721 4.5826 ... 1.0 2.0 3.0

4.899 4.5826 4.4721 ... 0.0 1.0 2.0

5.3852 4.899 4.5826 ... 1.0 0.0 1.0


210



EMDP1,P3 =
∑
i,k

γ∗
i,k ∗ ci,k

= 0.2984

Finally,

{
EMDP1,P2 < EMDP1,P3 ,

SPP1,P2 > SPP1,P3
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Euclidean Distance

The Euclidean Distance between P1 and P2, here called ed is calculated as:

A = P1 − P2

=





−1 1 1 1 −1

1 0 0 1 2

1 −1 2 0 −2

0 1 1 1 2

0 0 0 0 −2


,



−1 1 0 0 1

−2 −1 −1 −1 1

−1 −1 −1 1 0

−2 −1 2 2 1

1 −1 −3 −1 1


,



−1 0 1 1 −1

1 0 −2 −2 2

1 1 −2 0 −2

1 0 −2 −2 2

2 1 2 2 −3





Taking the absolute values:

|A| =





1 1 1 1 1

1 0 0 1 2

1 1 2 0 2

0 1 1 1 2

0 0 0 0 2


,



1 1 0 0 1

2 1 1 1 1

1 1 1 1 0

2 1 2 2 1

1 1 3 1 1


,



1 0 1 1 1

1 0 2 2 2

1 1 2 0 2

1 0 2 2 2

2 1 2 2 3





edP1,P2 =
∑

|A| = 84
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Similarly, for P1 and P3:

B = P1 − P3

=





−1 0 1 0 −1

1 5 1 1 1

0 0 −3 −2 0

1 −1 −1 −1 1

−1 0 1 0 −1


,



−1 1 2 1 0

0 1 0 0 2

1 0 0 −2 1

0 0 −1 −1 2

0 1 0 1 0


,



−1 1 3 2 −1

1 −2 1 1 3

1 0 −2 4 2

1 −2 1 1 3

1 1 3 2 −1




Taking the absolute values:

|B| =





1 0 1 0 1

1 5 1 1 1

0 0 3 2 0

1 1 1 1 1

1 0 1 0 1


,



1 1 2 1 0

0 1 0 0 2

1 0 0 2 1

0 0 1 1 2

0 1 0 1 0


,



1 1 3 2 1

1 2 1 1 3

1 0 2 4 2

1 2 1 1 3

1 1 3 2 1





edP1,P3 =
∑

|B| = 84

So:

edP1,P2 = edP1,P3
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A.3 Appendix : Paper 3

ACF Curve

Figure A.23: Autocorrelation Function (ACF) plot, which measures the correlation of
the time series with itself at different lags of the migration flow data.

Optimization of the hyperparameters of the Random Forest

models

Parameter Possible Values
n estimators {10, 230, 450, 670, 890, 1110, 1330, 1550, 1770, 2000}
max features {‘auto’, ‘sqrt’}
max depth {10, 20, 30, 40, 50, 60, 70, 80, 90, 100, 110, None}
min samples split {2, 5, 10}
min samples leaf {1, 2, 4}
bootstrap {True, False}

Table A2: Hyperparameter Search Space for Random Forest models.
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Push-Pull Covariates Transformation Test

The five covariates were tested in transformed forms, including differentiation, lagging,

and logarithmic transformation. The Table A3 shows the transformation applied to the

different covariates.

Covariate Raw Logged Lagged Squared

Adult unemployment rate ✓ ✓ ✓

IDP (natural disasters) ✓ ✓ ✓ ✓

IDP (conflict) ✓ ✓ ✓ ✓

Foreign-born employment/jobs ✓ ✓ ✓

Diaspora / Migrant stock ✓ ✓

Table A3: Covariates and the transformations tested for each. A checkmark indicates
that the given transformation is applied to the covariate.

Ordinary Least Squares (OLS) regression was fitted on the full dataset using all

combinations of transformations of the five covariates as independent variables, with

migration flows as the dependent variable. The best fit (R2=0.0653618) was obtained

with the following transformations, in the order of Table A3: logged, logged, logged,

squared, and raw. Using all covariates in their raw form resulted in an R2 of 0.0638194.

Although the improvements are small, the version of each covariate that provides the

highest adjusted R2 is retained for the analysis. All five covariates have statistically

significant coefficients at the 99% confidence level.
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Models parameters search

SF-COV1 Model

Figure A.24 shows the log ratio of MSE of SF-COV1 over the SF for several weighting

vectors α from equation (1). The vector is composed like this :

vecα = [αm, αum, αdd, αcd, αdia, αja]

With m the migration variable, um the unemployment rate, dd the disaster dis-

placement, cd the conflict displacement, dia the diaspora, and ja the jobs availability.

The first notable observation is that any combination including all covariates (where

∀αcov > 0) consistently performs worse than the original ShapeFinder (SF). Among in-

dividual covariates, the two that yield the best performance (where αm = 1 and αcov = 1

with all other weights set to 0) are Diaspora and Natural disaster displacement. These

findings align with the results presented in Figure 27. The optimal combination of

weights involves the inclusion of the unemployment rate and natural disaster displace-

ment, but this improvement remains statistically insignificant.
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Figure A.24: The log ratio of MSE of SF-COV1 over the SF for several weighting vector
α from equation (1). The vector is composed like this : [αm, αum, αdd, αcd, αdia, αja] with
m the migration variable, um the unemployment rate, dd the disaster displacement,
cd the conflict displacement, dia the diaspora and ja the jobs availability. The point
represents the mean value, and the line is the confidence interval at 95% confidence.
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SF-COV2 Model

Figure A.25: Log Ratio for the RF-CO2 model compared with SF model for a set of
parameters of the minimum matches, the threshold distance to classify sequences as
similar, and the clustering distance [minmat,mindist, cludist]

SF-COV3 Model

Figure A.26: Log Ratio for the RF-CO3 model compared with SF model for a set of
parameters of the minimum matches, the threshold distance to classify sequences as
similar, and the clustering distance [minmat,mindist, cludist]
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A.4 Appendix : Paper 4

Dynamic Time Warping (DTW): Technical Details

Dynamic Time Warping (DTW) is an algorithm used for measuring the similarity be-

tween two temporal sequences which may vary in speed. Originally developed for

speech recognition, it has since found applications in a wide range of fields including

data mining and time series analysis.

The fundamental principle of DTW is to compare two time series by aligning their

indices in a way that minimizes the cumulative distance between them. This comparison

is not restricted to matching equivalent time points, allowing DTW to effectively handle

sequences that unfold at different rates.

Consider two time series X = {x1, x2, . . . , xn} and Y = {y1, y2, . . . , ym}. DTW aims

to find an alignment between these two series that minimizes the total distance. The

DTW distance between X and Y is defined as:

DTW (X, Y ) = min

√√√√ K∑
k=1

d(wk)2 (12)

where wk are the elements of the warping path W , a set of pairs that define a

mapping between X and Y , and d(wk) is the distance between the paired points in X

and Y .

The warping path W is typically computed using dynamic programming. The key

idea is to build a matrix D where each element D[i, j] represents the distance between

xi and yj plus the minimum cumulative distance to reach D[i, j] from the starting point

(1, 1). The optimal path is then traced back from D[n,m] to D[1, 1].

The distance matrix D is defined as:
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Figure A.27: Dynamic Time Warping

D[i, j] = d(xi, yj) + min(D[i− 1, j], D[i, j − 1], D[i− 1, j − 1]) (13)

where d(xi, yj) is the distance between xi and yj, often calculated using the Euclidean

distance.
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Long Short-TermMemory (LSTM) Network: Detailed Overview

Long Short-Term Memory (LSTM) networks are a type of recurrent neural network

(RNN) particularly suited for learning from sequences of data. They are widely used

for their ability to capture long-term dependencies in sequence data, which traditional

RNNs often fail to do.

LSTMs have been successfully applied in various domains such as natural language

processing, time series forecasting, and sequence generation, showcasing their versatility

and effectiveness in handling sequential data with complex temporal dependencies. We

present here a very short introduction to this type of neural network. For a more

comprehensive review of LSTMs, see Hochreiter and Schmidhuber (1997).

The LSTM network consists of a unique structure with memory cells, as presented

in Fig. A.28, and multiple gates controlling the flow of information. The mathematical

equations defining the LSTM architecture are as follows:

ft = σ(Wf · [ht−1, xt] + bf ) (Forget gate activation)

it = σ(Wi · [ht−1, xt] + bi) (Input gate activation)

C̃t = tanh(WC · [ht−1, xt] + bC) (Cell input activation)

Ct = ft · Ct−1 + it · C̃t (Cell state)

ot = σ(Wo · [ht−1, xt] + bo) (Output gate activation)

ht = ot · tanh(Ct) (Hidden state)

Here, ft, it, and ot represent the activations of the forget gate, input gate, and

output gate, respectively. C̃t is the cell input activation, Ct is the cell state, and ht is

the hidden state. Wf , Wi, WC , Wo, bf , bi, bC , and bo are the respective weights and
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biases of the LSTM. The functions σ and tanh denote the sigmoid activation function

and the hyperbolic tangent activation function, respectively.

The LSTM makes decisions about what to store, delete, and output at each step in

the sequence through its gates:

• Forget Gate: Decides what information is discarded from the cell state.

• Input Gate: Updates the cell state with new information.

• Output Gate: Determines the next hidden state, influencing the output at the

current step based on the cell state.

In our model, the LSTM architecture consists of two layers, each with 10 cells. We

utilize an Adam optimizer for training, which is known for its efficiency in handling

sparse gradients and adaptive learning rates. The loss function employed is based on

the Mean Squared Error (MSE) of the fit. Although validation data is commonly used

to prevent overfitting, in our case, it did not yield improved results due to the limited

size of the validation dataset.
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Figure A.28: Schematic representation of an LSTM cell. The cell state Ct is updated
based on the inputs from the forget gate, input gate, and output gate, influenced by
the previous cell state Ct−1 and hidden state ht−1.
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Sample matches of identified patterns

(a) Pattern with the highest standard deviation

(b) Pattern with the lowest standard deviation

Figure A.29: Illustrative patterns of temporal migration patterns (red), food prices
(green), and conflict (yellow) from the nine dynamic combinations with the highest
and lowest mean standard deviation of the Past Futures, identified through dynamic
time warping analysis. Each cell shows the combination of patterns on the left, with
migration dynamic (in black) and the Past Future (in red) with the standard deviation
as a confidence interval on the right.
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Additional Results

Figure A.30: MSE Log Ratio for forecast horizons h ∈ [1, 2, 3]. Higher values indicate
that the model performs worse than the shape-finder.
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Figure A.31: MSE Log Ratio per model weight configuration compared to the equal
weight model. It illustrates the relationship between model weights and the performance
outcomes. Notably, variations in model weights do not statistically alter the model’s
results. The error bars across different weight configurations overlap, indicating that
changes in weights do not lead to statistically significant differences in the model’s
performance.
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