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Abstract. We investigate, through data sets correlation analysis, how
relevant to the simulation of refugee dynamics the food situation is.
Armed conflicts often imply difficult food access conditions for the pop-
ulation, which can have a great impact on the behaviour of the refugees,
as is the case in South Sudan. To test our approach, we adopt the Flee
agent-based simulation code, combining it with a data-driven food secu-
rity model to enhance the rule set for determining refugee movements.
We test two different approaches for South Sudan and find promising yet
negative results. While our first approach to modelling refugees response
to food insecurity do not improve the error of the simulation develop-
ment approach, we show that this behaviour is highly non-trivial and
properly understanding it could determine the development of reliable
models of refugee dynamics.

Keywords: multiscale modelling, agent-based modelling, forced displace-
ment, data-driven simulation

1 Introduction

Forced displacement has reached record levels in 2018, and so has the number
of people facing severe food insecurity. As of June 2018, 68.5 million people
are forcibly displaced worldwide, 25.4 million of which are refugees3. According
to World Food Programme (WFP)4, 124 million people are currently facing
crisis (IPC phase 3) food insecurity conditions or worse, which corresponds to
a 15% increase with respect to last year’s figures. Despite the current efforts
by the global community, not enough is being done to improve the situation.
Simulations could prove to be key in trying to understand what drives such
crises and predict how they might evolve. This precisely is what a generalized
simulation development approach (SDA) and Flee code proposed by Suleimenova
et al. [1] intends to do, attempting to establish accurate and reliable models for
refugee destination predictions for a variety of conflicts over different periods
of time. Indeed, achieving such a feat could be determinant in helping NGOs
and governments alike make better-informed decisions regarding humanitarian
support for refugee crises.

In this paper, we focus on the situation in South Sudan, which was established
in 2011. Important tensions and violence in South Sudan has had tremendous

3 https://www.unhcr.org/figures-at-a-glance.html
4 https://sway.office.com
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consequences for the civilian where there are now 7 million people starving and
4.3 million people forcibly displaced (2.5 million of which are refugees)5. Given
the conflict situation and the famine in South Sudan, its population is enduring
and it is fair to wonder what role food security plays here in the movement of
people. Several reports stress that many people are fleeing their homes due to
starvation6. However, how the food conditions precisely relate to the conflicts
remains unclear. Both NGOs and news companies report that the famine, while
being strongly linked to the climate, is also heavily influenced by the war7. There-
fore, to assess how relevant to the modelling of food security is in South Sudan,
we conducted a correlation analysis to see how it relates to conflict occurrence.
We conclude that while there exists a positive correlation between the two phe-
nomena, food security conditions may still need to be accounted to construct a
faithful model. In addition, we have coupled the Flee code with a data-driven
food security model to create a multiscale model using a generalized SDA and
enhanced the rule set that guides agents’ behaviour. We compare our results to
those using Flee alone and to observations by international agencies.

2 Related works

Understanding and forecasting forced displacement movements have become the
main interest for international agencies and governments, thus motivating fur-
ther scientific research in this field [2]. Many different techniques are gaining im-
portance, such as machine learning [3], simulation-based approaches and agent-
based modelling (ABM) [4]. In ABM, a complex system is modelled as a set
of autonomous decision-making agents that behave accordingly with their en-
vironment based on a set of rules [5]. This has proven to be especially useful
when modelling how individuals and their environment interact and evolve over
time, as is the case in migration and forced displacement movements. This tech-
nique is thus being used extensively to model armed conflicts response [6], to
predict humanitarian assistance need [7], to predict refugee routes [8] or to un-
derstand climate effects on migration [9]. However, these current models do not
incorporate the effects of famine and starvation on refugee movements.

With regards to refugee arrival predictions, we rely on a generalized SDA,
which is based on an ABM and is used to forecast refugee distributions across
camps (see Figure 1). A full explanation of the SDA, which is beyond the scope
of this short paper, is provided by Suleimenova et al. [1]. We run our simulations
using a modified version of the Flee code8, obtaining results for the refugee dis-
tribution in camps, both without and with a model to reflect the food security
aspects. We validate simulations against official UNHCR refugee registration
counts. The SDA is also optimized to allow for easy adaptation to different con-
flicts, policy choices and assumptions, using the FabFlee automation toolkit [10].

5 https://www.wfp.org/Situation-Reports/South-Sudan
6 http://www.unhcr.org/news/briefing
7 http://reporting.unhcr.org/sites/default/files/UNHCR
8 Available at: https://github.com/djgroen/flee-release
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This adaptability, however, should not become a limitation in terms of accuracy
while being generalized to any given conflict.

Fig. 1: Schematic representation of a generalized SDA and the Flee code (source:
Suleimenova et al. [1])

3 Input data analysis

To understand the effects of the food security situation on the refugee dynamics
in South Sudan, we assess its relation to the conflict. We use data sources for
conflict (or battle) occurrence from ACLED9 and famine-like stress classifications
of food insecurity indexes from the Integrated Food Security Phase Classification
(IPC) project10. IPC distinguishes five different food security phases ranging
from Minimal stress to Famine and classifies the population of different regions
accordingly.

We look for linear correlations in time and space using two different sets of
variables, namely the temporal and spatial analyses, which differ in the normal-
ization. We normalize the fraction of the population classified as IPC phase 3
or worse11 and number of conflicts by their maximum over time, as well as by
their maximum for each state12 (see Equations 1 and 2). We then create scatter
plots of these variables with linear least-square fits, first for each different region
(Fspace(X, t) vs Cspace(X, t) with X a fixed state of South Sudan) and second
for each month of the conflict (Ftime(x, T ) vs Ctime(x, T ) with T a fixed month).

Considering that the variables of interest take values ranging from 0 to 1,
in most cases the correlation is actually quite weak, with average values of the
mean square error (MSE ) above 0.05 both for the temporal and geographical
analyses, and very few cases where a lower MSE than that is observed (see Table
1). Moreover, we observe an important variability in the parameters of the fits
(i.e. the slope of correlations), with standard deviations of the same order as or
even higher than the average values. Overall, conflict emergence cannot simply
portray food security conditions in a model as not only the quality but also the

9 Available at: https://www.acleddata.com
10 Available at: https://www.ipcinfo.org
11 This percentage is often considered to represent the population at risk, and is widely refer-

enced as a good estimator of the food security of a certain region
12 By defining variables in this way we guarantee that they all take values ranging from 0 to

1 and that they are coherently normalized, making it easier to compare the data sets
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precise form of the correlations between the two data sets is highly variable,
making it very difficult to express the effects of one in terms of the other.

Ftime(x, t) =
NP

IPC≥3(x, t)

maxx[NP
IPC≥3(x, t)]

Ctime(x, t) =
NC(x, t)

maxx[NC(x, t)]
(1)

Fspace(x, t) =
NP

IPC≥3(x, t)

maxt[NP
IPC≥3(x, t)]

Cspace(x, t) =
NC(x, t)

maxt[NC(x, t)]
(2)

The temporal correlations are largely consistent regarding the sign of the
slope, with more than 96% of the cases having a positive relationship as compared
to only 27% for spatial correlations. This result shows that famine is not local
to conflict zones but is still frequently higher when more conflict events occur.
This suggests that starving tactics may indeed have been implemented in this
struggle, as indicated in the literature.

States Months

MSE ≤ 0.05 36.4% 11.5%
Positive slope 26.9% 96.2%
Average slope 0.130 0.524
Std. dev. of the slope 0.259 0.267

Table 1: The percentage of data sets with a MSE below 0.05 provides a comparative
measure of the quality of the spatial and temporal correlations respectively. Such a
value of the MSE corresponds to an error of the order of 20% for a set of variables,
which is already considerably high. The average slope, its standard deviation and the
percentage of data sets with same-sign (positive) correlations provide a measure of the
consistency. Full results are available at DOI: https://10.17633/rd.brunel.8053340.

4 Implementation

As we have presented so far, the food conditions appear relevant to the model,
at least in South Sudan. We now present a simple tentative way to include
these features in the model that will also allow for it to be extrapolated to any
other conflict to which the model might be applicable. We confront the results
obtained by implementing these modifications with the official UNHCR refugee
counts and compare the error with the results of the original model offers [1].
Modification 1: We make movechances in other locations dependent on the IPC
index of each region at every time-step using the following function: IPCx,t +
0.3(1−IPCx,t), where IPCx,t is the fraction of the population estimated by IPC
to be in a stress situation in the region of the location at a given time. With
this definition, we guarantee that, on average, the fraction of the population
estimated to be affected by food insecurity conditions leaves such locations, in
an attempt to recreate real refugee behaviour.
Modification 2: We assume that food insecurity leads to refugees departing
exclusively for that reason. We do this by expanding the list of spawn locations
to include both conflict locations and locations with IPC indexes greater than
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0. The weighted probability of agents spawning in each location is set as follows:
(a) for conflict zones, equal to the full population according to the last census.
(b) for IPC locations that are not conflict zones, equal to the population times
IPCx,t/100.

5 Simulation setup

To implement these changes in the code, we use FabFlee, which is an automa-
tion tool facilitating the study of the effects of policy decisions on the refugee
situation and relies on Flee for underlying simulations. FabFlee allows for easy
changes in simulation settings, such as border closures, forced redirection, speed
changes, etc. The basic workflow of the tool consists of (i) loading the conflict
we want to work on, including locations, routes and conflicts information, (ii)
performing desired changes to the simulation settings and (iii) instantiating the
modified version of the conflict and run it to obtain the results. The advantage
of performing multiple different simulations for the same conflict without having
to manually edit every part of the code each time makes FabFlee well suited
for studying the effects of food security on refugee migrations (instead of having
to construct a complete simulation from scratch, just add few modifying mod-
ules). This allows ensuring that both simulations run under the same general
conditions.

We also incorporate a separate submodel in the original Flee code [1], which
either updates the movechances of neutral locations or modifies the spawning
probabilities of refugees over time. The data-driven food security submodel up-
dates the affected locations’ parameters when a change occurs in the IPC index
of their region as the simulation evolves. We include new commands in FabFlee:
one to run the simulation including the food security aspects, and one to generate
side-by-side comparison graphs of key metrics between both types of simulations.

6 Results

In Figure 2, we present the time evolution of the total error we obtain with
the two proposed modifications together with the total error of the original Flee
implementation under the same conditions for comparison. To calculate this
error we use the following equation:

E(t) =

∑
x∈S(|nsim,x,t − ndata,x,t|)

Ndata,all
(3)

where nsim,x,t gives the number of refugees in camp x at time t according to the
simulation and ndata,x,t according to the UNHCR data. S is the set of all camps
and therefore Ndata,all =

∑
x∈S ndata,x,t.

In Figure 2a, we compare the movechance modification of Flee with the orig-
inal implementation, correcting the original such that the average movechance
across locations is identical in both simulations. We perform this correction be-
cause the validation error is known to be sensitive to this parameter. The error
behaviour of both runs are highly similar, with the error of the modified im-
plementation being ≈ −1.79% worse on average. These observations imply that
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our first proposed implementation of the food considerations doesn’t translate
to a more accurate prediction of the refugee distribution across camps in South
Sudan.

In Figure 2b, we compare the error of the simulation with modified spawning
behaviour with the original Flee run. Here, the movechance is identical in both
runs, so no corrections are required. We observe a higher error in the modified
run which lasts for 517 days, upon which it drops and reaches up to an ≈ 21.95%
improvement on the final day of simulation. The average improvement (fraction
of decrease in the error) over time is negative (≈ −9.49%), meaning that this
implementation of the food considerations also does not lead to a better refugee
distribution forecast in this conflict.

(a) (b)

Fig. 2: Total error of the two modified implementations of FLEE compared to the
original rule set when using (a) modified movechance calculations and (b) modified
spawn location algorithm. The consistency of these results has been tested by running
multiple replicas of the same simulation, obtaining very low variability.

7 Discussion

In this paper, we have explored the importance of food security for refugee move-
ments in the current South Sudan conflict and propose a computational model
based on automated SDA. Although we find that food security conditions are
important in refugee dynamics in South Sudan through our data analysis, it has
not yet become clear to us in what way the two phenomena exactly interrelate.
We investigated two hypotheses in a very tentative fashion as a demonstrator.
First, food security influences the likelihood of travelling refugees to depart and
second, food insecure locations may act as a cause for refugees choosing to de-
part in the first place. When implemented in our coupled simulation, neither
scenario leads to a lower error, but one of the hypotheses does affect a sensitive
parameter in the simulation (movechance).

To understand the relation clearly more in-depth investigations are required.
These include bolstering the simulations against the sensitivity of movechance
(e.g., by estimating refugee departure dates in the validation set), testing a wider
range of hypotheses, and to validate across a much wider range of conflicts. We
expect that extensive automation and more sophisticated coupling (as discussed
in [11]) will be essential in making this possible. Lastly, we need to do exten-
sive data analysis to improve the model’s accuracy. Examples include studies on
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the origins of the refugees (ethnic, religious, etc.), group dynamics, other envi-
ronmental conditions and average trajectories. A better understanding of these
aspects should then lead to a significant improvement in the model’s predictive
capacities.
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