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Abstract

This paper provides the first systematic and rigorous evidence on irregular migration in Libya. The
source of data used in the analysis is the Displacement Tracking Matrix dataset (DTM) of the
International Organization for Migration (OIM). This data provides the means to document the
demographic and national composition of the migrant population crossing the Libyan territories, and to
examine its impact on the local host community. Moreover, it allows us to investigate the formation
and evolution of migrants’ movements from, to, and within Libya by combining methodologies from
both spatial statistics and network analysis. The results of the analysis are finally used to discuss the
evolution of the international routes running through Libya, and identify the Libyan provinces playing
a pivotal role along such routes. The ultimate goal of the paper is to obtain significant insights on
migrants’ behaviors in uncertain contexts, and contribute to the raising debate on the determinants and
effects of international migration in circumstances characterized by high risk.
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1. Introduction

Libya is among the African countries with the highest proportion of immigrants with respect to the
total population, namely 16% (IOM; 2017).4 At the same time, it represents a major gateway to Europe,
with up to 90% of people crossing the Mediterranean Sea departing from its borders. In addition, Libya
counts 217,002 people displaced inside the country (IDPs) and 278,559 people who have returned home
(returnees). Libya also hosts 43,113 refugees and asylum-seekers who are registered with UNHCR.
According to UNHCR (2018b), an estimated 1.3 million people are in need of humanitarian assistance

in Libya.

This paper provides the first general assessment of the international migration patterns towards, within,
and from Libya during the period 2016-2018. Up to now, the lack of data prevented from conducting
an in-depth analytical investigation of the phenomenon. Using the most detailed data available, this
paper contributes to the understanding of this important phenomenon documenting the characteristics,
the location decisions, and the movements of the international migrants, the returnees, and the internal

displaced population in Libya.

The source of data used in the analysis is the Displacement Tracking Matrix dataset (DTM) of the
International Organization for Migration (OIM). The DTM tracks population mobility in Libya using
data collected through periodic surveys. The DTM provides detailed information on international
migrants and internal displaced populations (IDPs), whether on site or en route. To the best of our
knowledge, this is the first paper using this data for a rigorous empirical analysis of international

migration patterns in Libya.

The analysis proceeds as follows. First, we provide a description of the geographical distribution of
international migrants in Libya and of their characteristics in terms of gender, age, country of origin
and preferred destination country. We also report information on the relation between international

migrants and host communities in Libya.

Second, we describe how migrants move within Libya and identify the Libyan provinces playing a
pivotal role along international routes. To this end, we use spatial statistics to investigate migrants’
location choices by looking at their conglomeration in specific areas, and characterize each Libyan

province in terms of number of migrants with respect to the number of migrants in neighboring

4 Other countries with high immigrant populations as a proportion of their total populations included Gabon (16%),
Djibouti (13%), Cote d’Ivoire and Gambia (both 10%). In terms of the number of immigrants, South Africa is the
most significant destination country in Africa with around 3.1 million international migrants residing in the
country (6% of its total population).



provinces, i.e. if the number of migrants is similar in provinces that are geographically close. Next, we
map the internal movements of migrants across Libyan provinces to reconstruct the international
network of migrants’ movements passing across Libyan provinces, by considering migrants’ country of
origin and destinations within each province. Finally, we identify the presence of clustered areas hosting

migrants moving toward the same destinations and having the same country of origin.

Finally, we move to the analysis of the international migration flows towards and from Libya.
Specifically, we investigate the direction and the composition of international migration flows passing
through Libya. To this end, we track the migration flows connecting migrants’ origin countries to
Libyan provinces, and the Libyan provinces to migrants’ preferred destinations to characterize the

international migration network to and from Libya looking at migration routes within the country.

The methodologies employed in this work combine a set of tools taken from spatial statistics and
network analysis. Methods from spatial statistics are used to analyze location choices and identify
common patterns in migration movements as they emerge by looking at the composition of migrants in
different areas. In addition, these methods allow us to identify the presence of hot spots, e.g. provinces
hosting a number of migrants significantly higher than their neighboring provinces, and clusters, ¢.g.
clumps of provinces characterized by a significantly high number of migrants, and pinpoint the major
gateways for the international migration network passing through Libya. Social network analysis (SNA)
is used to map the network of migratory movements, determine the level of migratory pressure in
different provinces, and identify the formation of network hubs: i.e. provinces serving as a crossroad
for different migration routes. To the best of our knowledge, our is the first paper which employs these

techniques to characterize the formation of human movements.

The Libyan one represents a case study of particular interest to obtain significant insights on migrants’
behavior in uncertain contexts. The purpose of the study is to document important stylized fact which
will inform the analysis of the causes and consequences of mass South-North migration surveying IDPs
and refugees in places of origin and destination. The Libya study can contribute to this global study by
identifying factors that determine international and internal migration in context characterized by high

risk and uncertainty.

This rigorous analysis aims at contributing to the intense debate on the determinants and effects of
migration in Libya. Motivated by the high political attention received by this issue, and by the general
call for a comprehensive assessment of the phenomenon, this paper to our knowledge, provides the

most accurate and detailed inquiry of migration towards and within Libya up to now.



2. Background

Libya suffered from a prolonged period of conflict and instability ever since the fall of the Gaddafi
regime in 2011. The uncertainty political situation characterized by the lack of a government able to
control the territory has contributed to make Libya one of the most important hubs for human smuggling

and refugees routes since 2011 (Cummings et al. 2015).

Before the Libyan uprising, migrants were employed in occupations that Libyans were unwilling to take
up, and they represented more than 10% of the total Libyan population (World Bank, 2015). Since 2011,
a significant number of migrants left Libya and there has been a large shift in the composition of
migrants by nationality. The percentage of migrants from Egypt, Chad, Niger, Nigeria, and Sudan has
significantly increased since 2015, while the percentage of migrants from Palestine, Iraq, and Somalia

has decreased significantly.

Most migrants tracked by the International Organization for Migration (IOM) are economic migrants
who plan to stay in Libya (IOM, 2017¢).> Migrants trying to enter Europe are instead going trough
Libya with the objective to reach the North of the country and a boat to the other side of the
Mediterranean Sea® (IOM, 2017; Mixed Migration Hub, 2015; Altai Consulting and IOM, 2015a; Kelly,
2017; UNHCR, 2017d).

Although North Africa is primarily a migrant transit area, it also hosts a large number of international

migrants, including refugees (see Table 1).
<< Table 1 about here >>

As remarked by IOM (2017), the North African sub-region is indeed a key hub of legal and illegal
migration transit. Actually, Libya is the destination of two of the most important asylum seekers routs
to Europe (see Figure 1). Between 2011 and 2016, approximately 630,000 people used the “Central

Mediterranean route”, the main route of arrival via irregular migration to Europe, to reach Italy

5 Studies conducted by UNHCR have found similar proportions in other time periods. See
https://reliefweb.int/sites/reliefweb.int/files/resources/LIB-HCR-MAS-Final-Report.pdf

$IOM (2017) reports serious human rights violations along these smuggling routes. Migrants often face significant
violence, including extortion, exploitation, physical and sexual violence, kidnapping and robbery, with many
losing their lives as a result of being transported in inhumane conditions at sea, in the desert, and in other transit
locations (Frouws and Horwood, 2017). Smuggling into and outside Libya has become a very remunerative
activity. Migrants smuggling is increasingly concentrated in the hands of fewer, more well-organized criminal
networks, dominated by armed groups that use this activity to raise money for buying weapons and consolidate
their hold on their controlled areas (Global Initiative against Transnational Organized Crime (2017). The Human
Conveyor Belt). UNHCR, (2018) document an increase in smuggling costs because of the multiplication of
smuggling intermediaries, as well as the liquidity and inflation crisis in Libya.




(European Commission, 2017a).” In 2016 alone, more than 181,000 people were detected on the Central
Mediterranean route (European Commission, 2017b). The majority of these people departed from Libya

(almost 90%) (European Commission, 2017b).?
<< Figure 1 about here >>

As emphasized by IOM (2017), conflict and violence within and in surrounding sub-regions has
contributed to displacement in North Africa.’ Migration, internal displacement, political instability and
conflicts interact in complex ways in Libya. Libya had the largest number of international migrants in
the sub-region, at over 770,000 in 2015 (Un DESA, 2015). According to UNHCR (2017), the unstable
security and political situation in Libya contributed to a total population of more than 300,000 IDPs by
the end of 2016, while also affecting the more than 38,000 refugees and asylum seekers residing in
Libya.!® According to IOM (2017b), this numbers make Libya as the third at the world level as for new
displacement by conflict and violence as a proportion of the population (2,500 per 100,000
inhabitants)'!.

According to IOM data, migrants are mostly concentrated in Misrata, Tripoli and Sebha in the South.
Benghazi (East) on the other hand, it has the highest number of both returnees and IDPs. Returnees are
mostly present in the Northeast, close to the coast, while both migrants and conflict hotspots are mostly

concentrated in the Western part of the country.

Migrants directed to Europe often settle in Libya for some time before starting their second migration
journey (World Bank, 2018). Some others— including refugees —sometimes remain stranded in Libya or

other countries in the Maghreb (Altai Consulting and IOM, 2015). Results from EASS (2017) indicate

7 Of those who disembarked in Italy in 2016, the majority were from Western and Eastern Africa (Nigeria, Eritrea,
Guinea, Cote d’Ivoire, Gambia, Senegal, Mali and Somalia) and over half applied for asylum (European
Commission, 2017b); 13 per cent (approximately 24,000) were women, while 15 per cent (28,000) were children
— the vast majority (91%) of whom were unaccompanied. The proportion of children, including unaccompanied
children, has increased (European Commission, 2017b., [OM, 2016d).

8 Other departure countries including Egypt, Algeria and Tunisia.

° For instance, migration in Eastern and Southern Africa continues to involve high numbers of irregular migrants,
characterized by mixed migration flows and underpinned by multiple drivers, including socioeconomic factors,
conflict and political instability (IOM, 2017). In addition to socioeconomic factors, conflict and political
instability remain important drivers of irregular migration from Eastern Africa. The three major destinations for
migrants from Eastern Africa are the Middle East, Europe and Southern Africa. There are four main rousts used
by migrants for Eastern Africa. The first is the western route via Sudan, into Libya and across the Mediterranean.
The other three main routes, include the northern route via Egypt to Israel; the southern route down the Eastern
Corridor toward South Africa; and the eastern route transiting through Yemen to Saudi Arabia and beyond.

19 Data from IOM report different numbers: while the number of migrants is the same (i.e. 700,000), they count
are more than 160,000 internally displaced persons and 340,000 returnees residing in different regions of Libya
(DTM Libya, Round 13, August-September 2017).

"' The first is the Syrian Arab Republic (with 4,400 displacements per 100,000 inhabitants) and El Salvador (3,600
per 100,000 inhabitants).



that a substantial share of asylum seeker who migrated through Libya had previously worked for a
prolonged period in the country. For those coming from Sub-Saharan Africa, the conflict had likely
transformed Libya from a destination into a transit country. In 2010, about 2.5 million African migrants
were settle in Libya. The conflict which began in 2011 had led to internal displacement of more than

434,000 Libyans by 2015 (World Bank, 2018).
3. Literature

The literature on migration has vastly grown in recent year. One of its main objectives has been
identifying the supply (push) and demand (pull) factors that affect the decision to migrate. According
to theory, on the supply side, relocation choices are driven by income opportunities (Borjas 1994), while
on the demand side, migration flows are shaped by national policies and labor market conditions (Ortega
and Peri 2012). Consistently, expected lifetime benefits from migrations are heterogeneous across
individuals, and they determine how migrants self-select from specific pools of the population (Borjas

1987; Beine, Docquier, and Ozden 2011).

However, over the last decades, legal channels for migration have dried up (Friebel and Guriev 2013)
and violent conflicts have increasingly affected civilians in developing countries (Marshall and Elzinga-
Marshall 2017). As a result, the traditional push and pull factor framework seems to not suffice anymore
when analyzing modern migration trends, especially in developing countries (Clemens 2014). Whereas
from a theoretical standpoint there are several common determinants between regular and irregular
migration, some factors are unique to the latter. In particular, some studies have shown that uncertainty
and risk situations (i.e. conflicts) alter the conditions under which individuals form their set of
preferences operate, suggesting that the same pull and demand factors may influence regular and
irregular migrants differently (Voors et al. 2012; Arcand and Mbaye 2013; Callen et al. 2014). At the
same time, there is some evidence that self-selection and destination choices play a different role in the
case of regular and irregular migrants. Specifically, the latter seems to be more risk averse than the
former, and their relocation decisions depends more on the availability of diaspora networks at
destination, and less on the presence of traditional pull and push factors (e.g. recruitment policies)

(Ceriani and Verme, 2018; Manchin and Orazbayev 2018; Friebel et al. 2017).

Taken together, this evidence suggests that uncertainty alters the conditions under which individuals
form their set of preferences and sort themselves into migrants and non-migrants. At the same time,
uncertain and risky contexts like conflict and natural disasters are likely to influence the decision to

become an illegal migrants and which route to use to reach the destination country.

A related set of studies are those looking at phenomenon of forced migration (Ruiz and Vargas-Silva,

2013; UNHCR 2017; Dustmann et al. 2017). In this context, two are the main relevant issues to



investigate: 1) the impact of forced migrations on forced migrants; ii) the impact of forced migrations
on host communities. While availability of data is the major constraint to this literature, the number of
studies looking at these issues is rapidly increasing.'? Specifically, the studies on the impact of forced
migration on forced migrants have looked at the access to high incomes (Sarviméki, Uusitalo, and Jantti
2009; Bauer, Braun, and Kvasnicka 2013) and high skilled jobs (Falck, Heblich, and Link 2011). Other
studies have looked at the consequences of natives’ exposure to refugees and asylum-seeker. In
particular, they considered: 1) changes in the host community economic structure, especially in relation
to the labor market context (Braun and Mahmoud 2014; Maystadt and Verwimp 2014; Tumen 2016)
and consumer prices (Balkan and Tumen 2016); ii) alterations in natives’ political preferences
determining a shift in local attitudes towards refugees (Lergetporer, Piopiunik, and Simon 2018) and
voting behaviors (Otto and Steinhardt 2014; Dustmann, Vasiljeva, and Damm 2016; Dustmann et al.
2017; Sekeris and Vasilakis 2016; Steinmayr et al. 2016).

4. Data

Data used in this analysis come from the Flow Monitoring component of IOM’s Displacement Tracking
Matrix (DTM). The DTM of the International Organization for Migration (OIM) tracks and monitors
the displacement and population mobility in Libya from January 2016 to April 2018. It provides detailed

information on migrants and internal displaced populations (IDPs), whether on site or en route.

The objective of DTM is to track movement flows of migrant groups and individuals through key points
of origin, transit locations and points of destination. The purpose of the monitoring is to regularly
provide updated information on migration flows and profiles of migrants through specific locations

(IOM; 2017).

The Flow Monitoring Point (FMP) tracking system consists of two data collection layers: 1) Baseline
Assessments identify the frequency and volume of migrants in, and crossing through a specific point
(referred to as Flow Monitoring Points - FMPs); 2) Profile Surveys that gather information about
migrant profiles, including age, sex, areas of origin, levels of education, key transit points on their route,

cost of journey, motives, and intentions. In our analysis, we only use the data from the Baseline

12 This could be also the result of the fact that forced migration minimizes location selection (i.e. when migrants
choose their destination in which their characteristics are rewarded the most) and self-selection based on economic
differences, which are two of the main challenges to identify the determinants of regular migration. In fact, as
showed by Kondylis (2008) and Ibafiez and Moya (2010), the nature of conflicts which usually generates forced
migration are such that in most cases location choice is exogenous to forced mi grants’ preferences, and unless
the targeting of individuals in the conflict is economic related, it is possible to argue that the level of violence is
not related to unobserved characteristics that may also affect future economic outcomes.



Assessments. Baseline Assessments identify the frequency and volume of migrants in, and crossing
through the specific point, the Flow Monitoring Points (FMPs). Data are collected on a daily basis but

then are quantified and reported on a monthly basis.

The Baseline Assessment survey collects information on the number of migrants, currently residing in,
arriving to, and leaving from a specific FMP (see Appendix for the questionnaire). For those already
present in the FMP, it records the nationality, the planned destination, the length of stay at the FMP
level. In practice, what it is recorded are the 3 first nationalities present in the FMP during the week of
the assessment, the 3 first destination for the migrants present in the FMP during the week of the
assessment, and percentage of migrants present in the FMP within each length of staying category (i.e.
less than wo weeks, between 2 weeks and three months, etc.) in the location during the week of the
assessment. For those arriving or departing, it collects the information on the nationality and the planned

destination using the same questions.

Given the way in which the questionnaire is constructed, the unit of observation in the data is the FMP.
This implies that the data allow us to map and track the FMPs evolving characteristics in terms of
relative presence group of individuals of given nationalities, preferred destinations, etc. Yet, the
structure of the data also poses some severe limitation to the analysis. For instance, it is not possible
clearly link the nationalities to the preferred destinations because both set of information are collected

as share in terms of the first three nationalities and preferred destination in the FMPs.

The pool of migrants observed in the IOM flow monitoring points (FMPs) in 2017 and 2018 constitutes
the population under study. In our analysis we use data from 95 FMPs that are constant across rounds.
This allows us to track the movement of migrants in a consistent way and to compare flows across time
in the same area. Yet, 17 additional FMPs are found throughout rounds. According to IOM, the reason
is to allow data collection to cover new points that more migrants were crossing through due to security

reasons.

The location of the FMPs is shown in Figure (2). While there is at least on FMP in each province the
distribution in across provinces is not homogenous. While Almargeb, Aljafara, Murzuq, Tobruk, and

Tripoli have 5 FMPs, Wadi Ashishati, Ghat and Nalut have only one.

<< Figure 2 about here >>

To make the results easier to interpret, the analysis is performed by aggregating the data at the province-
level. The map of the provinces is shown in Figure (3). In what follows, unless differently stated, each
metric is obtained by averaging the observations recorded in a province within a year (respectively 2017

and 2018).



<< Figure 3 about here >>

5. Results

5.1 Characteristics of the migrants’ population
5.1.1 Demographic characteristics and spatial distribution of migrants

We begin by looking at the available information on the number of international migrants in Libya as
registered in the FMPs. Figure (4a), (4b), and (4c) show the number of migrants using different

geographical aggregations and time periods.

We begin by looking at the total number of migrants by province. Figure (4a) a shows the total number
of migrants recorded through FMPs during the period 2017-2018 in each Libyan province. In particular,
Almagerb, Alkufra, and Bengazi are the provinces in that there are more migrants registered in the

FMP, while Al Jabalal Al Akhadar, Ghat and Ubari are those where the number of migrants is smallest.!?

To explore the data more in detail, we next look at the number of migrants as recorded by the FMPs
comparing 2017 and 2018 data for the same province. Data are reported in Figure (4b). What emerges
from these graphs is a large increase in the presence of migrants in almost all provinces between the

two years, with a huge increase in Almargeb.

Finally, Figure (4c) shows the evolution of the total number of migrants that have been recorder in each
province in each round of the survey during the period 2017-2018. The data show that there is high
heterogeneity in terms of migration presence across Libyan provinces. Data show a slight increase in
the presence of migrants between round 5 and 16 (January 2017 — February 2018). In round 17 (March-
April 2018), the data indicate a massive increase in the number of migrants in almost any province.
After that, the last three rounds of 2018 included in our dataset show a reduction in the number of
migrants registered in the FMPs, with the exclusion of Almagerb where the number of migrants

remained very high.
<< Figure 4a about here >>
<< Figure 4b about here >>

<< Figure 4¢ about here >>

13 Note that while the absolute numbers reported in these graphs have to be interpreted with much caution. In fact,
since FMPs are monthly data, these numbers are likely to count the same individuals more than once.



The data allow us to recover some information on the demographic composition of migrants. These are
represented in Figure (5) at the Libyan level, and in Figure (6) at the province level. Not surprisingly,
the large majority of migrants are males. In 2017, females and minors are between 3% and the 5% of
the migrant population, respectively. The most diverse composition of the population is found on the
western regions in 2017 (e.g. Aljufra, Ghat, and Nalut). In 2018, the share of female and of minor

increases significantly.
<< Figure 5 about here >>
<< Figure 6 about here >>
5.1.2 Relation of migrants with host communities in Libya

We now turn the attention to the impact that the presence of migrants has on the local host communities.
The IOM collects data on answers to three different questions: i) the quality of the relation between the
host community and the migrants; ii) the impact of the presence of migrants on the local labor market;
iii) the impact of the presence of migrants on public services. Since answers to these questions are
collected at each round of the survey, in Figures (9), (10), and (11) we report respectively the most

recurrent observation registered for each of the three outcomes in a municipality for a given year.
<< Figure 7 about here >>
<< Figure 8 about here >>
<< Figure 9 about here >>

While these measures of impact are inherently subjective and only based on individual perceptions and
thus prone to different biases, still they are useful in providing at least a sense of how local communities
are experiencing the migration phenomenon from their own prospective. There are three main stylized
facts which emerge looking at the results. First, for each of these questions, there is significant
heterogeneity in terms of answers also in relatively restricted geographical areas. Second, there is a very
strong correlation between these measures. This indicates that labour market outcomes, access to and
quality of public services, and - in general - the quality of relation with the local community are all
aspects that should be considered simultaneously in designing policy interventions. Third, there are no
detectable variations across years in any of these measures. This is not surprising given the nature of
the phenomenon, but it also suggests that if one wants to mitigate the possible negative impact of the

presence of migrants on host communities has to invest resources and adopt a long term perspective.



5.1.3 Top origin countries and most preferred destinations

In each survey round, for each FMP the data reports the top 3 migrants' nationalities registered, and it

lists the top 3 preferred destination country for the migrants located in that FMP.

In Table (2), we show the 5 most recurrent top 1 nationalities registered in the FMPs in 2017 and 2018.

The order of the names is used to signal which nationality was found more frequently than the others.
<< Table 2 about here >>

In table (3), we show the 5 most recurrent preferred arrival destinations registered in the FMPs in 2017

and 2018.
<< Table 3 about here >>

It is interesting to note that most recurrent top nationalities and preferred destinations both remain the
same across different years. Notably, Egypt appears both as origin and destination place, which suggests
that the pool of Libyan immigrants is partly constituted by people who decided to return to their home
country. Finally, it is worth stressing that Libya represents the final destination for a large number of

migrants.
5.2 Spatial and network analysis of the migration flows

In the following sections, we make use of spatial network analysis to document a set of stylized facts

concerning the migration flows in Libya.
5.2.1 Hotspot provinces and clusters of provinces in Libya

As first step, we use spatial statistics to characterize each province in terms of its number of migrants
with respect to the number of migrants in neighboring provinces. In practice, we test the presence of
spatial autocorrelation in the migrant distribution across the Libyan provinces, i.e. if the number of
migrants is similar in provinces which are geographically close (Anselin, 1995).!* To this end, we
identify hotspot provinces and clusters of provinces. A hotspot province is a province with a
significantly higher (lower) number of migrants with respect to the neighboring provinces. A cluster of

provinces is instead a group of provinces hosting a high (low) number of migrants.

The results of the identification of hotspots is presented in Figure (10). Two province can be

characterized as hotspots in both 2017 and 2018, namely Wadi Ashshati and Almarj. In 2018, we

14 A similar exercise in the context of asylum migration is presented in Barthel et a. (2015).



observe the emergence of four new hotspots: i.e. Ejadabia, Ghat, Murzuq, Tobruk, and Wadi Ashshati.
The low number of migrants in the province of Almarj with respect to surrounding provinces might
indicate that this area works as a buffer zone separating provinces with a high concentration of migrants
from areas less interested by migrant’s presence and passages. By contrast, the high presence of
migrants in Wadi Ashshati, with respect to all the other provinces at the Libyan Western border,
suggests that this area might represent a preferred point of access for the migrants arriving from the
Western side of the country in both 2017 and 2018. Likewise, the emergence of hotspots in 2018
indicates a more concentrated presence of migrants in some specific provinces (i.e. Murzuq and
Ejadabia), and a decreases in other adjacent provinces (i.e. Tobruk and Ghat). The fact that these are
provinces located at the Libyan borders is consistent with the hypothesis on the emergence of new

specific migrant routes entering Libya.

<< Figure 10 about here >>

Our analysis also reveals the presence of a cluster of provinces around Tripoli, i.e. a large group of
neighboring provinces hosting a high number of migrants. The level of spatial autocorrelation in the
distribution of migrants in this area increases in between 2017 and 2018, and it becomes significant at

the 5% level in 2018.

5.2.2 International migrants’ movements within Libya

FMPs data can also be used to map the internal movements of migrants, i.e. across different Libyan
provinces. Specifically, for each FMP the data report what is the Libyan province representing the most
common origin for the migrants present in the FMP. Using this information for all FMPs in our dataset,

we can build the network of internal movements of migrants across all the Libyan provinces.

The results of the analysis are shown in Figure (11). In the figure, (capitals of) province i and ;j are
connected if there is a movement from a FMP located in i to a FMP located in j. The size of the flow is

proportional to the average number of migrants registered in the FMP.

Both graphs show a quite dense net of connections: each province is connected to at least other two
provinces. This suggests that - in general — for each province there is not a unique migration route from
or to any other province. In determining the specific migration route chose, it is thus likely that an

important role is played by individual-level characteristics.

<< Figure 11 about here >>

Comparing the two graphs, we also identify a clear change in the migration internal routes between
2017 and 2018. In 2017, three major corridors run through Libya (Figure 11a): i) the eastern route,

connecting Alkufra, Ejdabia, and Benghazi, and ii) the central route, going from Murzugq to Tripoli, and



iii) the western corridor, running from Ghat to Tripoli. The figure also shows that the second route was
the most used at the time. By contrast, even if the eastern and central routes remain intact, paths become
blurred in 2018 (Figure 11b). This might be in part due to a general reduction in the number of migrants
in the countries, as suggested by the decrease in the width of the network linkages. However, it also
suggests that a reorganization occurred along the corridors, with migrants more evenly distributed over

all paths.
5.2.3 Clustered destinations within Libya of same-origin migrants

In the following, our main objective is to identify the possible presence within the Libyan territory of
clustered destinations of migrants having the same country of origin. To this end, we analyse the

movements of same-origin migrants across Libya and across time.'?

The results are presented in Figure (12). Our analysis identifies cluster of same-origin migrants in four
different cases.'® The first one is represented by the case of the Egyptians arriving in the areas near
Tripoli and near Tobruk in January 2017.'7 In other words, the results of our analysis show that two
different areas of Libya attract a significantly large number of Egyptians. In particular, the graph

displays the location of the FMPs where these clusters have been identified.

The second case in which a cluster of same-origin migrants is identified is the one of the Ethiopians in
Tobruk in July 2017. The third is the group of migrants from Benin arriving in the area of Sebha in
August 2017. In the same moth, there is also evidence of the passage of Eritreans in the provinces of

Alkufra and Tobruk, approximately at 800 km from each other. Finally, the fifth reveals the arrival of

15 To conduct this analysis, we follow four steps. First, we reconstruct the network of internal movements at the
monthly level (similar to what was done in Figure 11). Since we are interested in the short-term dynamics, we use
monthly data on migrants registered in the FMPs. Second, we identify the presence of significant spatial
concentrations of migrants in FMPs located close to each other. Specifically, we test whether same-nationality
migrant’s clusters occur more frequently than would be expected if FMPs were distributed in a spatially random
way. To this end, we use the join count test for k-coloured factors (Cliff et al. 1981; Upton et al., 1985). In our
analysis, we define close FMPs all those located within a distance radius of 250 km. This value represents the
minimum distance radius required to make sure that each FMP has at least a neighbouring FMP, a condition that
is necessary for the implementation of the join count. Since only 5% of the FMPs are located at more than 250
km from all the others, we simply drop them from the sample. Third, for each month ¢, we identify the nationalities
for which the test indicated significant spatial concentration. Fourth, for each of these nationalities, we plot the
location of the FMPs located within 250 kilometers from each other where the majority of the arrivals
corresponded to nationality i at time .

16 Tt is important to emphasise that these results emerge from the analysis of all the migration flows in Libya
without imposing any a priory model of choice.

17 The distance between these two cities is over 1000 km, exceeding four times the distance radius used to detect
migrant agglomerations. This means that the test evaluated the movements in these provinces separately, and it
implies that the two effects are independent.



people from Bangladesh in the area of Tripoli in January 2018. These results support the idea that same-

origin migrants, moving in the same direction, sort themselves into close routes, following similar paths.
<< Figure 12 about here >>
5.2.4 Incoming and outcoming international migration flows

In this section, we investigate the direction and the composition of international migration flows to

identify the backbone of the migration passing through Libya.'®

Figure (13) reconstructs the international migration routes passing though Libya. To this purpose, we
create a network where origin country i and destination country j are connected when i) country i was
found as the major source of migrants in one of the FMPs of a province at least once in a year, and ii)
country j was registered as the most preferred destination for the majority migrants in one of said FMPs
at least once in a year. '’ In Figure (13), the circle segments represent origin and destination countries
of international migration routes through Libya. Specifically, the color of the segment is uniquely
associated to a country, and its size indicates the total amount of in-coming and out-coming flows in
that country. The direction of the flow is encoded as follows: i.e. the flow originates from country 7 if
it is adjacent to the segment circle of country i and it shares the same color of the segment; the flow
ends to country i if it is adjacent to the segment circle of country i and it does not share the same color

t.20 Similar hues of colors are used to identify larger geographical area, namely pink for

of the segmen
East Africa, violet for North Africa, Green for West Africa, yellow for Asia, red for Americas, and blue

for Europe.

The investigation of the origins of migrants flows shows that West African countries (the segments with
green hues of color) represent the origin of the larger majority of migrants. Outside Africa, we observe
that a major role is constantly played by Asia, specifically Bangladesh (in yellow). The analysis of the
destination of migrants flows reveals that Europe (segments with blue hues of color) represents the most
preferred place of arrivals for migrants. In addition, we observe that there was a second preferred
destination in 2017, that is Western Asia (i.e. the segments with yellow hues of color of Kuwait, Israel,

Saudi Arabia, and Turkey), but this almost disappears in 2018.

18 This exercise requires to assume that migrants found in a FMP are all moving along the same route, and they
are equally interested in reaching the top 1 preferred country of arrival recorded in that place. The assumption is
instrumental to identify the backbone of the migration network passing through Libya, which is represented in
Figure (13).

19 This analysis is conducted under the assumption that migrants found in a FMP are all moving along the same
route, and they are equally interested in reaching the top 1 preferred country of arrival as recorded in that FMP.
20 For ease of interpretation, we have removed those connections signaling the case of migrants returning to their
home country or intending to remain in Libya.



Comparing the plots between 2017 and 2018, it is also possible to identify changes in the direction of
the flows originating from a specific area. This is the case of East Africa, namely Ethiopia, Eritrea, and
Eritrea, for which we observe an expansion in the set of destinations reached, as shown by the increase

in the number and the width of the flows with pink hues of color.

Finally, the figures allow to analyze the composition of the migration at destination, by looking at the
different colors of incoming flows. Specifically, the figures show that for all receiving countries, the
largest number of migrants originated from West Africa (flows with green hues of color). Nonetheless,
we observe an increasing role played by East Africa because of a significant increase in the number of
flows with pink hues of colors reaching Italy, the Netherlands, and Sweden. Less notable, but still
relevant, it is also the increase in the number of flows with yellow hues of color, representing the Asian

countries, reaching France and Germany.

<< Figure 13 about here >>

5.2.5 International migration flows towards and from Libya provinces

In this section we further characterize the international migration network to and from Libya looking at
migration routes within the country. Using the data about origin and destination countries registered in
the FMPs, we track the migration flows connecting migrants’ origin countries to Libyan provinces, and

the Libyan provinces to migrants’ preferred destinations.

We begin by presenting the network of origin countries and Libyan provinces for both 2017 and 2018
in Figure (14).2! In the network, origin country i is connected to Libyan province j if, at least for one
round in a given year, it was found that the majority of migrants observed in a FMP located in province

j departed from country i.

Looking at these graphs, it is possible to identify two important changes occurred between 2017 and
2018. First, the number of origin countries shrinks between 2017 and 2018.?2 Second, there is a notable

decrease in the density of the graph, meaning that migrants from a given origin country in 2018 are

2I' A note on how to interpret these graphs. Suppose that — at least once in 2017 - migrants coming from country i
are the majority of the hosts in one FMP of provinces A, B, and C. Now suppose that the same happens for
migrants coming from country j. By construction, reproducing the network in figure 8 for 7 and for j will result in
two figures which look exactly the same.

22 Specifically, the top origin countries disappearing from the graph are: Benin, Cameroon, Central African
Republic, Congo — Kinshasa, Guinea, Guinea — Bissau, Kenia, Malawi, Morocco, Togo, Tunisia. At the same
time, we observe the appearance of Pakistan.



found in a smaller number of Libyan provinces compared to 2017. This entails a consolidation in the

set of origin countries and in the routes followed by the migrants departing from these countries.?
<< Figure 14 about here >>

Next, we look at the network between Libyan provinces and preferred destination countries for the
migrants located in each Libyan province in 2017 and 2018 in Figure (15). In the network, Libyan
province j is connected to destination country i if, at least for one round in a given year, it was found
that the majority of migrants observed in a FMP located in province j declared as first preferred

destination country i.

Some interesting changes appear comparing the networks in 2017 and 2018. First, between the two
years the number of destination countries decreased from 25 to 16.** Second, each of the remaining
destination countries has a smaller number of connections, and the network in 2018 becomes sparser
with respect to 2017. This applies to both European countries (see for instance Germany) and the
African countries (see for instance Sudan). Third, some of the African countries reported as preferred
destinations in 2017 disappears from the list in 2018, namely Chad, Mali, and Nigeria. While our data
does not allow us to precisely identify a reason for this, one can hypothesize that migrants are
reconsidering the possibility of returning to home countries. The fact that these are all conflict-affected
countries suggest that — after an initial hope for being able to come back — this possibility could have
been disappeared in favor of an outmigration to Europe. This would explain the drastic reduction in the
number of connections between Libyan provinces with Libya. To the extent which these connections
indicate migrants intending to remain in Libya, we interpret this as evidence that migrants are

increasingly to leave the country.
<< Figure 15 about here >>

The information provided in Figure (14) and (15) is then combined in Figure (16), where for each
province we display the top one migrants' nationality and preferred destination. The figure shows three
notable facts. First, Libya represents the final destination for a number of migrants located in different
provinces (e.g. Sirt and Benghazi, among the others). Second, some African countries appear both as
origin and destination places (e.g. Egypt, Chad, Mali, Niger). These two findings actually complement
the results in Table 2 and 3 (i.e. the 5 most recurrent top 1 nationalities and the 5 most recurrent preferred

arrival destinations registered in a FMP). They indicate that - while Egypt is the only African country

2 In the Appendix, we present the graphs reproducing the network for the 3 top sending country of each year,
namely Egypt, Niger and Nigeria in 2017, and Egypt, Niger and Sudan in 2018.

24 Specifically, the top destinations disappearing from the graph are: Cyprus, Kuwait, Israel, Malaysia, Mali,
Nigeria, Spain, Tunisia, Turkey, and the United States. At the same time, we observe the appearance of Belgium.



both among the top five sending and the top 5 receiving ones — other African countries are the final

destinations of a large number of migrants.

Third, there is a clear change in the network structure. Whereas the 2017 network is very dense, with

many countries participating as origin countries, the 2018 network is far sparser.?®
<< Figure 16 about here >>

The network represented in Figure (16) can be used to identify migration patterns exploiting the fact
that not all migration linkages are equally important for a country. To this end, following a standard
approach, we begin reducing the level of complexity of the network’s structure by partitioning it in so
called communities: i.e., sets of nodes densely connected with each other, and more sparsely connected
with the rest of the network.?s. In other words, a community is a group (cluster) of countries having
tightly interrelated migration linkages among them while being relatively less interconnected with

countries outside the group (cluster).

Figure (17) displays the communities identified based on the network of sending and receiving countries
of international migrants hosted in Libyan provinces.”” In the figure, colors are used to identify
provinces belonging to the same community of the migration network: i.e. the areas where it was found

the same composition of migrants and the same interests for specific destinations of arrival.
<< Figure 17 about here >>

Results indicate that provinces belonging to the same community - i.e. characterized by the presence of

migrants originating in similar countries and having similar destination preferences - are located close

25 There might be two concurrent reasons for this. First, a diversion in migrant routes causing a contraction in the
number of countries sending migrants to Libya: i.e. some sending countries disappeared in the 2018 network
because migrants coming from these places now travel across countries that are different from Libya,. Second, a
stronger concentration of same-origin migrants along similar routes: i.e., migrants originating from a sending
country are found in a relatively smaller number of provinces in 2018 with respect to 2017. As a consequence, the
number of connections for a given sending country diminishes, and network density reduces..

26 Community search has proven to be a valid instrument in the network analysis of migration flows (see among
others Davis et al., 2013; and Peres et al., 2016).

27 Several community detection algorithms have been proposed in the literature (see Fortunato [2010] for a
complete and extensive review). The choice of one algorithm over another is usually data-driven, and it is
determined by its ability to produce a meaningful community structure, with significant within-community
cohesion and between-community separation (Clauset et al. 2004). A standard measure used to determine the
algorithm fit to the data is modularity, a metric ranging between -1 and 1, with lower values reflecting poor
community structure (many between-community edges and few within-community edges), and values closer to 1
indicating good community structure. In the case of the Libyan migration network, the algorithm producing the
best partition is the spinglass algorithm (Reichardt et al., 2006), which returns a modularity value of over 0.2 for
both 2017 and 2018.



to each other. This suggests the presence of specific migrant passages running across the country. For
instance, consider Figure (17a). We observe the presence of at least three definite routes: i) the western
route (aquamarine area), beginning in the province of Ghat and ending in the provinces of Zwara and
Aljfara; ii) the eastern route (red area), passing from Alkufra up to Tobruk; and iii) a central route (green
area), going from Murzuq to Tripoli. However, a major change occurs in 2018, as shown in Figure
(17b). In fact, while the central and eastern routes (respectively the violet and green areas) remain
almost unchanged, the western route is now split into two different corridors. The first connects the
province of Wadi Ashshati to Misrata (light green area), the second connects the eastern province of
Nalut with the central province of Sirt and the western provinces of Benghazi and Al Jabal Al Akhdar
(red area). This might indicate that from 2017 and 2018 there was a shift in migrants' routes, and eastern

cities now serve as passages to reach the other side of the country.

6. Concluding remarks

Libya’s protracted conflict since 2011 has displaced significant number of Libyans. In addition,
smugglers and militias have utilized security vacuum at Libyan borders, particularly in the South, to
smuggle in migrants from Middle Eastern, South Asian, and sub-Saharan African countries, often
selling migrants hope to enter Europe through Libya. Before 2011, migrants filled trades and
occupations that Libyans were unwilling to take up; migrants have consistently made up more than 10
percent of Libya’s population. Since the fall of Gaddafi, a significant number of migrants have also fled
Libya and there has been a large shift in the composition of migrants by nationality. In general, most
migrants currently in Libya (IOM, 2017¢) are economic migrants who plan to stay in the country %%
Those planning to go to Europe pay high amounts to smugglers to enter Libya and smuggling has
become a very remunerative activity in the country; it is increasingly concentrated in the hands of fewer,
more well-organized criminal networks, dominated by armed groups® that use this activity to raise

money for buying weapons and consolidate their hold on their controlled areas.

Migration, internal displacement, political instability and conflicts interact indeed in complex ways. To
analyse these phenomena, we make use of a rich toolkit that combines spatial statistics analysis and
network analysis, to our knowledge a novelty in the area of human movements studies. Methods from

spatial statistics are employed to analyze location choices and identify common patterns in migration

2 Studies conducted by UNHCR have found similar proportions in other time periods. See
https://reliefweb.int/sites/reliefweb.int/files/resources/LIB-HCR-MAS-Final-Report.pdf

29 To understand the history and evolution of the smuggling networks in post-Gaddafi Libya, read “The Human Conveyor
Belt” released in 2017 by the Global Initiative against Transnational Organized Crime



movements, presence of hot spots and clusters. The Social network analysis is used instead to map the
network of migratory movements, determine the level of migratory pressure in different provinces, and

identify the formation of network hubs.

Using the DTM dataset of the International Organization for Migration, we first provide a description
of the geographical distribution of international migrants in Libya and of their main characteristics.
Second, we describe how migrants move within Libya and identify the Libyan provinces playing a
pivotal role along international routes. Thirdly, we analyze the international migration flows towards
and from Libya by focusing on the direction and the composition of international migration. Migration
flows are tracked by connecting migrants’ origin countries to Libyan provinces, and the Libyan
provinces to migrants’ preferred destinations to characterize the international migration network to and

from Libya looking at migration routes within the country.

A number of preliminary findings are noteworthy. Flow Monitoring Points data were used to build the
network of internal movements of migrants across all the Libyan provinces. The results show a quite
dense net of connections; it suggests thus for each province there is not a unique migration route from
or to any other province. We postulate, therefore, that in the route choice an important role is played by
individual-level characteristics. Comparing 2017 and 2018, we also identify a clear change in the
migration internal routes between. While in 2017, the main corridors where the route connecting
Alkufra, Ejdabia, and Benghazi (eastern route), the one going from Murzuq to Tripoli (central route)
and the corridor connecting Ghat to Tripoli (western route), in 2018 due to the general reduction in
migrants’ paths become much more blurred. When looking at clustered destinations of migrants having
the same country of origin, we identify five clusters. The first one is represented by the case of the
Egyptians arriving in the areas near Tripoli and near Tobruk in January 2017. The second one is
identified for the Ethiopians in Tobruk in July 2017. The third is the group of migrants from Benin
arriving in the area of Sebha in August 2017. In the same month, there is also evidence of the passage
of Eritreans in the provinces of Alkufra and Tobruk. Finally, the fifth reveals the arrival of people from
Bangladesh in the area of Tripoli in January 2018. All these findings concur in showing that same-

origin migrants, moving in the same direction, sort themselves into close routes, following similar paths.

The investigation of the origins of migrants flows indicates that West Africa is the first source. Outside
Africa, we observe that a major role is by specifically Bangladesh. The comparison between 2017 and
2018 also indicates an increasing role played by East Africa. When looking at the most common
destination, Europe ranks first, while the second one is represented by a Middle Eastern group of

countries including Kuwait, Israel, Saudi Arabia, and Turkey.

In the final section, using the data about origin and destination countries, we track the migration flows

connecting migrants’ origin countries to Libyan provinces, and the Libyan provinces to migrants’



preferred destinations. Between 2017 and 2018, we find that the number of destination countries
decreased from 25 to 16. Each of the remaining destination countries has a smaller number of
connections, and the network in 2018 becomes sparser with respect to 2017. This applies to both
European and African countries. Also, some of the African countries reported as preferred destinations
in 2017 disappears from the list in 2018, namely Chad, Mali, and Nigeria. The fact that these are all
conflict-affected countries suggest that — after an initial hope for being able to come back — this
possibility could have been disappeared in favor of an outmigration to Europe. This would explain the
drastic reduction in the number of connections between Libyan provinces with Libya. To the extent
which these connections indicate migrants intending to remain in Libya, we interpret this as evidence

that migrants are more inclined to leave the country.

The present paper provides a first general assessment of migration flows in Libya from 2017 to 2018
using a rich but much unexplored dataset on migrants flows collected by IOM. As first a first step of
broader analytical work on migration in Libya we provided evidence on the spatial distribution of
migrants at the most disaggregated level (i.e., provinces); we reconstructed the network of human
corridors connecting Libyan provinces and preliminary identified the destination choice patterns.
Having mapped the flows, further research on the topic will focus on the impact of policy decisions and

on the costs and impact of Libyan conflicts on within country movements.
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Tables

Table 1: International migrants in Libya (2000 and 2017)

Number of International migrants | Females among Median age of
international migrants | percentage of total international international migrants
(thousands) population migrants (years)
(percentage)
2000 2017 2000 2017 2000 2017 2000 2017
567 788 10.6 12.4 35.0 28.8 29.6 32.2

Source: International Migration Report 2018 (Highlights).

Table 2: 5 most recurrent top 1 nationalities registered in a FMP

2017 2018
Egypt Egypt
Niger Niger

Nigeria Sudan
Sudan Nigeria
Chad Chad

Table 3: 5 most recurrent preferred arrival destinations registered in a FMP

2017 2018
Libya Libya
Italy Italy

Germany France
France Germany
Egypt Egypt




Figures

Figure 1: The three main asylum seekers routes to the EU
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Figure 2: Map of Flow Monitoring Points (FMPs)




Figure 3: Map of Libyan Provinces
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Figure 4: Number of Migrants

Figure 4 a: Number of Migrants registered in the FMPs (all rounds 2017 and 2018)
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Figure 4 b: Number of Migrants registered in the FMPs — by year and by province
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Figure 4 c: Number of Migrants registered in the FMPs — by round and by province
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Figure 5: Demographic Composition of Migrants
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Note: pie slices indicate the percentage of of males and females (panel a and c) or minors and adults (panel b and d) in
Libya, respectively in 2017 (panel a and b) and in 2018 (panel b and c). Displayed results are yearly averages of

monthly data. Source: IOM.




Figure 6: Demographic Composition of Migrants by Province

(a) 2017

(b) 2017

1

o

0

~
3

Percentage
o
W
o

0

el
o

0.00

1

(=]

0

Ik
m

Percentage
(=]
o
(=]

0

el
o

0.00

\\Q'D%O *bq}fbf:) \3 % \3@ ‘\‘bafb‘o(\qu,fb \ 0«\5 AR \3@
F P q@m:\ S vmv@ s;\@ PGS R S R S O GO IS s;\& &
i ity & °¢\ N AN SR A r,»,.(,«*va \)°¢\
@Y@w\v\»\ﬁg WS I S S IR e Keiala %Ydy;acg0@° e S
3B AY A
5’00’53‘600 $’b S,Q‘Q'DS-P‘D $’b
e R
Province Province
.Female.MaIe .Mimor.AduIi
(c) 2018 (d) 2018

1

o

0

N
3]

Percentage
o
o
o

0

)
@

RGP D @R B0 oS
& P @3 S
2 Q/&c}‘w“o\m&(’%

IS
'f%
5

Province

.Female.MaIe

0.00

\

O
\5‘\1;:‘
R

S x\"
<&

\&

1

o

0

L5
i

Percentage
o
o
(=]

0

)
Ll

0.00

5 \’zr“b‘b ’bq, &5 S oS S » @
t?’&@.\% "b\,&‘\ & \\‘ 'bq, \QCJ\'\\’QQ & o
& O ‘(\z & Y g
\%@“\%\%\%@% PSS e 28 \5?}\1,
v"}v-\ &
L
®e

Province

.Mmor.AduIi

Note: Bars indicate the percentage of males and females (panel a and c) or minors and adults (panel b and d) in Libyan provinces,
respectively in 2017 (panel a and b) and in 2018 (panel b and c). Displayed results are yearly averages of monthly data. Source: IOM.




Figure 7: Relation with host community
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Figure 8: Impact on labor market
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Figure 9: Impact on public services
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Figure 10: Hotspot provinces
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Note: Provinces with a high/low number of migrants adjacent to provinces with a low/high number of migrants
are indicated in red/blue.

Figure 11: Network of migrants' movements within Libya

(a) 2017 (b) 2018
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Note: each link indicates a movement from a FMP located in province i to a FMP located in province j. The width of the
link is proportional to the number of people who moved from one province to the other in 2017 (panel a) and in 2018
(panel b).
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Figure 12: Clustered movements of same-origin migrants
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Figure 13: the backbone of the Libyan migration network

(a) 2017

Note: circles segments represent the origins and destinations of migration flows. The direction of the flow is
encoded both by the origin colour and by the gap between link and circle segment at the destination. The size
of the segments indicates the total amount of incoming and outcoming flows in one country. Similar hues of
colors are used for countries located in nearby regions: i.e. pink for East Africa, violet for North Africa, Green
for West Africa, yellow for Asia, red for Americas, blue for Europe, and grey for Oceania.
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Figure 14: Origin countries

2017 — Top 1 origin countries
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Note: A connection is drawn between a country name and a Libyan province when - at least for once - migrants
found in the FMPs of said province mainly belongs to that country (connections on the bottom of the plot.
Panel (a) and (b) aggregates this information for respectively 2017 and 2018.
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Figure 15: Receiving countries

2017 — Top 1 receiving countries
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Note: A connection is drawn between a country name and a Libyan province when - at least for once - migrants
found in the FMPs of said province have a major preference for moving towards that country. Panel (a) and (b)
aggregates this information for respectively 2017 and 2018.
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Figure 16: Libyan top in and out coming migration flows
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Note: A connection is drawn between a country name and a Libyan province when - at least for once - migrants
found in the FMPs of said province mainly belongs to that country (connections on the bottom of the plot), or
they have a major preference for moving towards that country (connections on the top of the plot). Panel (a)
and (b) aggregates this information for respectively 2017 and 2018.
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Figure 17: Spatial distribution of Libyan migration network communities — Libyan provinces
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Appendixes

A.I Data cleaning and geo-processing of the data

The spatial analysis performed in this paper required to exactly pinpoint the location of FMPs and
municipalities within a province, and associate a longitude and a latitude to them. Unfortunately, raw

data were often corrupt or inaccurate, and it required an intense process of data cleaning.

Many are the issues that had to be solved. Each location was not uniquely associated to a Muhazafat
(the first-level administration subdivision of Libya), a Baladiyah (the second-level administration
subdivision of Libya), and a Muhalla (the third-level administration subdivision of Libya). Some
records reported only the location name. Because of well-known problems of transliterations of Arabic
to Latin characters, an effort was required to disambiguate those names and match them across different
rounds. Finally, many records were only associated to a pair of coordinates, and it was necessary to
associate these coordinates to the name of the location to which they referred, in order to match the
record with the records reporting only the location name. To complicate things, sometimes coordinates

were incorrectly reported: latitude and longitude were either inverted, or they had the same value.

When the records only reported the name of the location, a disambiguation process combining text
analysis, network analysis, and manual disambiguation was used in order to correctly associate each
location to the name of its administrative subdivisions, and match FMP names across different rounds.
Specifically, data processing required the following steps. First, each Muhazafat name found in the
dataset was paired with all the other Muhazafat names recorded in the data. Second, each pair of names
was compared by using different metrics of string distance made available by the R package stringdist:
namely full and restricted Damerau-Levenshtein distance, Hamming distance, Q-gram distance, Cosine
distance, Jaccard distance, Jaro-Winker Distance, and Longest common substring distance.>® Third,
each Muhazafat name i was associated to the Muhazafat name j for which the majority of the distance
metrics reported the minimum string distance. We refer to the matches resulting from this third step as
temporary matchings. Fourth, a network was created where nodes are Muhazafat names, and a link
between the Muhazafat name i and j signals that a temporary matching was found between them. Fifth,
each network component - i.e. a subset of nodes connected to each other, and not connected with the
rest of the network — was extracted to be separately examined. Sixth, names within a component
embedded in a triangle (i.e. name i, j, and k£ were mutually connected) were assigned to the same ID.

All names left without an ID after this process were manually checked. When a plausible matching was

30 See for an extensive review of this methods Van der Loo (2014).
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found between a name without ID and a name with an ID, the former was associated to the ID of the

latter. Alternatively, it was assigned to a new ID.

The same process was then applied to disambiguate Baladiyah names, using an additional rule in the
creation of the network of temporary matchings (step four): a link between the Baladiyah name i and j
was drawn if a temporary matching between them was found, and if they were associated to the same
Muhazafat. In the same fashion, also Muhalla names were disambiguated. In this case, a new rule was
imposed in the creation of the network of temporary matchings: a link between the Muhalla name 7 and
j was drawn if a temporary matching between them was found, and if they were associated to the same
Muhazafat and Baladiyah. Finally, the disambiguation method was used to match FMP names. This
time, the creation of the network of temporary matchings required that a link between the FMP names
i andj was drawn if a temporary matching between them was found, and if they were associated to the
same Muhazafat, Baladiyah, and Muhalla. The entire process of name disambiguation discussed so far
represents the first step of our data cleaning procedure. The set of records uniquely associated to an ID

after this step are referred to as set 1.

When the records only reported the coordinates of the location, the following method was adopted.
First, we examined the case when latitude and longitude reported the same value for location i. In this
context, we looked for a match at the fourth decimal digits between the latitude of location i with either
the latitude and the longitude of all the locations associated to a non-equal pair of coordinates. When a
match was found between the latitude (longitude) of location i and j, the longitude (latitude) of location
j was also assigned to location i. A match for locations with same latitude and longitude values was
obtained for approximately 90% of the cases. Second, we addressed the case when coordinates referred
to points falling outside the Libyan borders. In such situations, latitude and longitude were switched. In
c.a. 99% of the cases, this allowed to identify a location within Libya. Third, we have calculated the
spatial distance between each pair of locations using their coordinates. Whenever two points felt within
a distance radius of 10 KMs, these were associated to the same ID. This process of geo-localization of
the records represents the second step of our data cleaning procedure. The set of records uniquely

associated to an ID after this step are referred to as set 2.

In the third step of our data cleaning procedure, we worked with the set of records reporting both the
name and the coordinates of the locations (set 0). These were passed through both the process of name
disambiguation (first step) and geo-localization (second step) in order to uniquely associate them to a
ID. Successively, the location name was used to match set 0 and /. Whenever a record in set I matched
with a record in set 0, all the records associated to the same ID in set / were assigned to the ID of the

matching record in set 0. The same was done to associate the records in set 2 with the IDs in set 0.
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The records that remained unmatched after the third step, were further processed by using the R package
nominatim®® to access the OpenStreetMap API in the following way. The unmatched location names
were searched on the OpenStreetMap database to retrieve their coordinates. Whenever multiple values
were returned, the location falling within the Muhazafat, Baladiyah, and Muhalla names associated to
the record was selected. In the cases when no results were returned, the location name was manually
search on Google maps to identify its coordinates. Similarly, the OpenStreetMap database was searched
to obtain the names of the locations associated only to a pair of coordinates. This process corresponds

to the fourth step of our data cleaning procedure.

Finally, the records obtained after the fourth step were passed through the procedures described in the
first and second step of the data cleaning procedure. Then, the record names and locations obtained in
this way were matched with the names and locations obtained after the third step. As a result, we were

able to identify 95 FMPs uniquely associated to an ID which are constant across rounds.

A.2 Methodology to identify hotspot provinces and cluster provinces

For testing the presence of spatial autocorrelations across provinces in terms of number of migrants, we

use the Moran (1950)’s I index.*

To identify hotspot provinces and cluster provinces we combine two pieces of information which are
reported Figure (A2) Panel (1) and in Panel (2). In Panel (1), we categorize provinces according to the
number of migrants in the province and in the adjacent provinces. In particular, the provinces with a
low number of migrants which are adjacent to provinces with a low number of migrants are indicated
in deep blue; provinces with a low number of migrants adjacent to provinces with a high number of
migrants are indicated in blue; provinces with a high number of migrants adjacent to provinces with a
low number of migrants are indicated in red, and provinces with a high number of migrants adjacent to

provinces with a high number of migrants are indicated in dark red.

Panel (2) report the same information in another form. The X and Y axis indicates respectively the

number of migrants found in province i, and the average number of migrants found in the provinces

31 Available at https://github.com/hrbrmstr/nominatim
=) (TiXjwij)
Yilx;—%)?/N
X is the average number of migrants in FMPs, and w;; is the distance between FMP i and FMP j. The Moran’s I
index ranges between {—1; 1}. A value close to 1 indicates positive spatial autocorrelation. A value approaching

-1 signals negative autocorrelation. A value of 0 suggest the absence of any spatial auto-correlation.

32 The Moran’s I index is computed as I; = , where x; is the average number of migrants in FMP i,
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adjacent to i. This implies that deep blue provinces are in the bottom-left quadrant, blue provinces in

the upper-left, red provinces in the bottom right, and the deep red provinces in the upper-left.

We can use these graphs to identify hotspots and clusters as follow.

Cluster provinces are groups of provinces hosting a high (low) number of migrants. In order to identify

a cluster, we use the graph in Panel
Panel (a) can be read as follow.

On the right quadrants are located those provinces hosting a high number of migrants. Specifically, it
shows those provinces contiguous to other provinces with a high number of migrants - top right quadrant
— and those provinces adjacent to provinces with a low number of migrants — bottom right quadrant.
Provinces in the top right quadrant are associated to the color dark red in the map. Provinces in the

bottom right quadrant are associated to the color red in the map.

On the left quadrants are found those provinces featuring a low number of migrants. Specifically, it
shows those provinces contiguous to other provinces with a high number of migrants - top left quadrant
— and those provinces adjacent to provinces with a low number of migrants — bottom left quadrant.
Provinces in the top left quadrant are associated to the color blue in the map. Provinces in the bottom

left quadrant are associated to the color deep blue in the map.
A cluster is either:

i.  a group of contiguous provinces located in the right quadrants: if the cluster is associated to an
area featuring a high number of migrants. This cluster is associated to areas featuring red hues
of color in the map.

ii.  a group of contiguous provinces located in the left quadrants (if the cluster is associated to an
area featuring a low number of migrants). This cluster is associated to areas featuring blue hues

in the map.
A hotspot is either:

1) a province located in the bottom right quadrant, which is spatially adjacent to provinces
located in the bottom quadrants. It corresponds to a province with red color surrounded by
provinces with blue color in the map.

i) a province located in the top left quadrant, which is spatially adjacent to provinces located
in the top quadrants. It corresponds to a province with blue color surrounded by provinces

with red color in the map.
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Figure A2.1a: Local Moran Test of Spatial Autocorrelation in Migrants Distribution - 2017
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Note: The figures refer to the year 2017. Provinces with a low number of migrants adjacent to provinces with a similar low number of migrants are indicated in deep blue in Panel (1) and positioned in the bottom left
quadrant in Panel (2). Provinces with a low number of migrants adjacent to provinces with a high number of migrants are indicated in blue in Panel (1) and positioned in the top left quadrant in Panel (2). Provinces with
a high number of migrants adjacent to provinces with a low number of migrants are indicated in red in Panel (1) and positioned in the bottom right quadrant in Panel (2). Provinces with a high number of migrants adjacent
to provinces with a similar high number of migrants are indicated in dark red in Panel (1) and positioned in the top right quadrant in Panel (2). The x and y axis in Panel (2) indicates respectively the number of migrants
found in province 7, and the average number of migrants found in the provinces adjacent to i. Only the names of the provinces for which the test returned a 5% significant level of autocorrelation are shown in Panel (1).
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A2.1b: Local Moran Test of Spatial Autocorrelation in Migrants Distribution - 2018
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Note: The figure refers to the year 2018. Provinces with a low number of migrants adjacent to provinces with a similar low number of migrants are indicated in deep blue in Panel (1) and positioned in the bottom left
quadrant in Panel (2). Provinces with a low number of migrants adjacent to provinces with a high number of migrants are indicated in blue in Panel (1) and positioned in the top left quadrant in Panel (2). Provinces with
a high number of migrants adjacent to provinces with a low number of migrants are indicated in red in Panel (1) and positioned in the bottom right quadrant in Panel (2). Provinces with a high number of migrants adjacent
to provinces with a similar high number of migrants are indicated in dark red in Panel (1) and positioned in the top right quadrant in Panel (2). The x and y axis in Panel (2) indicates respectively the number of migrants
found in province 7, and the average number of migrants found in the provinces adjacent to i. Only the names of the provinces for which the test returned a 5% significant level of autocorrelation are shown in Panel (1).
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A.3 The network of top 1 sending countries

Top senders — 2017

Figure A3 1
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