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Abstract

Being able to model and predict international migration as precisely as possible
is crucial for policy making. Recently Google Trends data in addition to other
economic and demographic data have been shown to improve the prediction quality
of a gravity linear model for the one-year ahead predictions. In this work, we replace
the linear model with a long short-term memory (LSTM) approach and compare
it with two existing approaches: the linear gravity model and an artificial neural
network (ANN) model. Our LSTM approach combined with Google Trends data
outperforms both these models on various metrics in the task of predicting the
one-year ahead incoming international migration to 35 Organisation for Economic
Co-operation and Development (OECD) countries: for example the root mean square
error (RMSE) and the mean average error (MAE) have been divided by 5 and 4
on the test set. This positive result demonstrates that machine learning techniques
constitute a serious alternative over traditional approaches for studying migration
mechanisms.

Résumé
Il est essentiel pour l’élaboration des politiques de pouvoir modéliser et prévoir
les migrations internationales aussi précisément que possible. Récemment, il a été
démontré que les données de Google Trends, en plus d’autres données économiques
et démographiques, améliorent la qualité des prévisions d’un modèle linéaire gravi-
tationnel pour les prévisions à un an. Dans ce travail, nous remplaçons le modèle
linéaire par une approche long short-term memory (LSTM) et nous le comparons à
deux approches existantes : le modèle de gravité linéaire et un modèle de réseau
neuronal artificiel (ANN). Notre approche LSTM, combinée aux données de Google
Trends, surpasse ces deux modèles sur divers points pour la prévision à un an des
migrations internationales entrantes dans 35 pays de l’Organisation de coopéra-
tion et de développement économiques (OCDE) : par exemple, l’erreur quadra-
tique moyenne (RMSE) et l’erreur moyenne (MAE) ont été divisées par 5 et 4 sur
l’ensemble de test. Ce résultat positif démontre que les techniques d’apprentissage
machine constituent une alternative sérieuse aux approches traditionnelles pour
l’étude des mécanismes de migration.
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Caminante, son tus huellas
el camino y nada más;
caminante, no hay camino,
se hace camino al andar.
Al andar se hace camino,
y al volver la vista atrás
se ve la senda que nunca
se ha de volver a pisar.
Caminante, no hay camino,
sino estelas en la mar.

Wanderer, your footsteps are
the road and nothing more;
wanderer, there is no road,

the road is made by walking.
Walking makes the road,

and turning to look behind
you see the path that you

will never tread again.
Wanderer, there is no road,
only foam trails on the sea.

— Antonio MACHADO

From Proverbios y cantares, in Campos de Castilla, 1912,
translated by Stanley APPELBAUM, Dover Publications, 2007.
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Machine Learning

Title text: The pile gets soaked with data
and starts to get mushy over time,

so it’s technically recurrent.

—XKCD [75]
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Introduction

Motivation and Problem Statement

Mobility has always been part of human history. In 2017, there were about 258
million international migrants worldwide, of which 150.3 million were migrant
workers [70]. Modelling and forecasting human mobility is therefore important not
only to help formulate effective governance strategies but also to deliver insight and
scalable options to humanitarian responders and policymakers. However, developing
reliable forecasting methods able to predict Ti,j , the number of people from a
given region i to another region j is extremely challenging due to the absence of,
low frequency and long lags in recent migration data, especially for developing
countries [4, 9].

One way to mitigate this lack of timely data is the use of real-time geo-referenced
data on the internet like the Global Database of Events, Language, and Tone (GDELT
Project) or Google Trends. Both have been successfully used to make forecast in
various fields [12, 1, 29]. Recently, Böhme et al. [9] demonstrated that adding geo-
referenced online search data to predict migration flows yields better performance
compared to only using common economic and demographic indices like gross
domestic product (GDP), and population size. The authors propose to predict
bilateral migration flows of the following year with a linear model relying on the
Google trends data captured the previous year.

Results

In this master thesis we use exactly the same data, but we replace the linear model by
a recurrent neural network (LSTM [37]) that is able to consider the whole history to
make predictions. The focus of the prediction is on incoming international migration
to 35 Organisation for Economic Co-operation and Development (OECD) countries.
We demonstrate that the quality of the prediction can be drastically improved
by capturing better complex migration dynamics [50] and complex interactions
between the many features.
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Thesis Structure

The outline of our work is the following.

Chapter 1: Context

Chapter 1 is a short attempt to give a picture of what is defined as migration, and
gives some key numbers of both migration stocks and flows. It aims at providing
the reader with an overview and some references to go into more detail about the
complexity of studying migration.

Chapter 2: Related Works

Chapter 2 gives an overview of what has been previously done both using geo-
referenced online data and in migration forecasting. The chapter starts by focusing
on tools like Google Trends (GT) and the Global Database of Events, Language,
and Tone (GDELT) project. We then present methods by which human mobility is
traditionally predicted, using the gravity model and the more recent radiation model.
Finally, we present what we believe to be a first attempt to use machine learning to
predict human migrations.

Chapter 3: Background

Chapter 3 provides the background needed to understand the approach we present in
the next chapter. We first introduce the Google Trends Index (GTI) feature. We give
a few details on estimating the aforementioned gravity model using ordinary least
squares (OLS). We then go deeper into neural networks and explain the different
parts of an artificial neural network (ANN). We examine how a recurrent neural
network can be built. Finally, we present the long short-term memory (LSTM), a
gated recurrent neural network (RNN).

Chapter 4: Approaches

Chapter 4 describes in detail the approaches driving this work. It first presents the
data set as well as previously used metrics for migration forecasting. It then provides
more details about each approach: (a) the gravity model; (b) the ANN model; and
(c) the LSTM model. For each model, we describe the specific architecture and how
we treat the input features. Finally, specifically for the two deep learning techniques,
we describe the training required and validation approach we adopted.

Chapter 5: Results and Discussion

2 LIST OF ALGORITHMS



Chapter 5 evaluates and compares our LSTM approach with the gravity and ANN ap-
proaches, two previously used methods in migration forecasting. It aims to show that
by combining cutting edge deep learning techniques with geo-referenced online data
like Google Trends, it is possible to build a model that results in better predictions
by taking into account the complexity of the dynamics of human mobility.

LIST OF ALGORITHMS 3





Context 1
1.1 Migration Stocks and Flows

The International Organisation for Migration (IOM) [40] gives the following defini-
tions for migration and migrant:

Migration "The movement of persons away from their place of usual residence, either
across an international border or within a State" [40, p. 135];

Migrant "An umbrella term, not defined under international law, reflecting the com-
mon lay understanding of a person who moves away from his or her place of usual
residence, whether within a country or across an international border, temporarily
or permanently, and for a variety of reasons. The term includes a number of
well-defined legal categories of people, such as migrant workers; persons whose
particular types of movements are legally defined, such as smuggled migrants;
as well as those whose status or means of movement are not specifically defined
under international law, such as international students" [40, p. 132].

Although the first definition is not universally agreed on, it is widely accepted in
different settings and is the one recommended for statistics by the United Nations
Department of Economic and Social Affairs (UN DESA) [69]. From this definition,
migration can be of two kinds: (a) international migration; or (b) internal migration.
In this thesis, we focus on inflows of legal international migrants towards OECD
countries [54].

According to the Internal Displacement Monitoring Centre (IDMC) [38], there
were about a total of 50.8 million internal displacements in 2019. Of these, 45.7
million are as a result of conflict and violence, while 5.1 million were caused
by natural disasters. If we focus on the flows in 2019, there were 33.4 million
new displacements: 8.1 million driven by increasing levels of violence in Burkina
Faso, Yemen, and Libya; while 24.9 million new displacements were mainly due to
geophysical or weather-related disasters.

What about international migration? According to the IOM [41], there were about
279 million international migrants worldwide in 2019. Notice that this was about
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3.5% of the 2019 world population: the overwhelming majority of people stay in
their country of birth. More than half of all international migrants (141 million)
lived in Europe or North America. If we focus on the flows, there were about 7.06
million incoming international migrants to the 35 OECD countries in 2016. Notice
that the most recent numbers are from 2016 and do not cover all the countries.
The two most reliable sources are: (a) UN DESA’s International Migration Flows
dataset [71]; and (b) OECD’s International Migration Database [54]. However,
migration flow data is hard to come by since official data are published at low
frequency and with long lags. As the IOM (2020) states: "migration is notoriously
difficult to predict with precision because it is closely connected to acute events (such
as severe instability, economic crisis or conflict) as well as long-term trends (such as
demographic change, economic development, communications technology advances and
transportation access)"[41, p. 3].

Fig. 1.1.: International Migrant Popula-
tion in 2017 [39].

Although the data set used in this thesis fo-
cuses on international migration flows from
countries towards OECD countries, it is im-
portant to underline that most international
migration takes places within particular re-
gions of the world. It has been clearly shown
that most migratory movements are intra-
regional as is the case within Africa, Asia,
and Europe. However, this is not the case for
Latin America, the Caribbean and Northern
America, where most migrants reside out-
side their birth regions. This demonstrates
a complex dynamic in human mobility and
debunks a myth: most international migra-
tion is in fact not directed towards Europe
or North America [41, 68].

Why do people move? The main reason
is economic due to lack of employment or
other professional opportunities, with most
of those who move being migrant workers
as can be seen in Figure 1.1. Other reasons may include: family reunion and joining
diaspora communities, climate change (deforestation, sea level rise, etc.), war, and
epidemics [41].

6 Chapter 1 Context



Related Works 2
2.1 Use of Geo-referenced Online Search Data in

Forecasting

In 2019, there were about 4.39 billion internet users and 3.48 billion people using
social networks which make respectively 67% and 45% of the worldwide population
and these numbers tend to increase by 10% each year [44]. In January 2019 a
survey [6] showed that a person spent an average of 3 hours and 28 minutes per day
browsing the internet and Google Search Statistics - Internet Live Stats [33] records
more than 3.5 billion searches per day.

With the increased usage of online search engines, social networks, online shopping
and Internet in general, geo-referenced online search data have become more and
more appealing and widespread for all kind of businesses and research in economics
and more broadly in social sciences [19]. Indeed such data portrays an increasingly
important part of our everyday life and represent an inexhaustible source of real-time
information that can be used to measure, compare, nowcast (i.e., "obtaining relevant
information much earlier than through traditional data collection techniques" [4, p.1]),
and even forecast a very wide range of human behaviours around the world [72].

The ease of access to this kind of resources combined with technical and technological
advancements as in machine learning, which allows to analyse more and more data,
has allowed a growing literature using geo-referenced online data to predict social
or economic outcomes in very various fields. Choi and Varian [12] showed how
Google Trends tend to enhance nowcasting on economic indicators like car sales,
travel destination planning or unemployment claims.

One of the most prominent applications so far has been published by Ginsberg et al.
[29], presenting a method of analysing large numbers of Google search queries to
track influenza-like illness in a population. They predicted weekly levels of influenza
activity based on the Google Flu Trend indicators with a reporting lag of only about
one day.
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Askitas and Zimmermann [4] highlights the use of internet data for social sciences
and more particularly on human resources issues by presenting a selection of relevant
literature and discussing the challenges of online data for these topics. One of the
most encountered applications for the moment is the use of Google Trends data
to predict unemployment which has been the subject of study in Germany [5], in
France [22] and in the United States of America [14].

The use of internet metadata in the field of human migration has only been recently
explored by a small number of applications. This kind of real-time geo-referenced
data is even more useful in the area of nowcasting and forecasting migration flows
because it can be used to mitigate the lack of or the lag in data from which migration
data suffers strongly [9].

Ahmed et al. [1] presented a system combining several information sources, in-
cluding the GDELT (Global Database of Events, Language, and Tone) project, for
mass-migration forecasting using the 2015 European refugee crisis as a case study.
More recently, Böhme et al. [9] demonstrated that adding geo-referenced online
search data to traditional models predicting migration flows yields better perfor-
mance compared to only using common economic and demographic indices, for
example, gross domestic product (GDP) and population size.

2.2 Traditional Models

To model human mobility, the aim is to predict Ti,j , that is, to find an estimation
T̂i,j , the number of people moving from a given region i to another region j among
m origin regions and n destination regions. Traditional and ML techniques have
each a different approach to the problem. In traditional models, the problem is
divided into two subproblems: (a) predict Gi the number of people leaving a region
i, also known as the production function; and (b) predict Pi,j the probability of a
movement from i to j. Thus we have T̂i,j = GiPi,j .

2.2.1 Gravity Model

The first gravity models for human migration can be dated back to 1885 and were
known as the laws of migration [58, 57], as pointed out by Anderson [2] in his
review of the gravitational model. Gravity models, inspired by Newton’s law, is
where the probability of a movement between two regions is both proportional to

8 Chapter 2 Related Works



the population of the two regions i and j, and inversely proportional to the distance
between them [47, 56]. The most used version of the gravity model is:

Ti,j = C
mα
i × n

β
j

rγi,j
(2.1)

Ti,j is the number of people who moved from a region i to a region j. mi, respectively
nj , is the size of the population of region i, respectively j. ri,j is the distance between
the two regions. C is a normalisation constant. α, β, and γ are the parameters to be
estimated. Taking the base 10 logarithm on each side yields:

log (Ti,j) = log (C) + α log (mi) + β log (nj)− γ log (ri,j) (2.2)

Thus, the parameters can be estimated through a linear least square methods, like
the scaled ordinary least squares (OLS), although other ways can be used too [21].
Chapter 3 will explain how to estimate the gravity model using the OLS method.

Albeit their large use, gravity models have a tendency to not model properly long
distance mobility [50]. Radiation models are a proposed response.

2.2.2 Radiation Model

Radiation models, inspired by diffusion dynamics, is where a movement is emitted
from a region i and has a certain probability of being absorbed by a neighbouring
region j [65]. The most used version of the radiation model follows:

Ti,j = Ti
minj

(mi + si,j)(mi + nj + si,j)
(2.3)

Like the gravity model, Ti,j is the number of people who moved from a region i to
a region j. It is estimated as a fraction of Ti the travellers from population i. The
subtlety here is that this probability is dependent on the population of origin mi, the
population of destination ni, and on the population si,j inside a circle centred in i
with a radius ri,j equal to the distance from i to j1. Taking the base 10 logarithm on
each side yields:

log (Ti,j) = log (Ti) + log (mi) + log (nj)− log (mi + si,j)−

log (mi + nj + si,j)
(2.4)

1Origin and destination populations are not included.

2.2 Traditional Models 9



In his review of both models, Masucci et al. [50] shows that gravity has a better
overall performance and tends to be better for short distance mobility, while radiation
tends to be better for long distance mobility.

2.3 Machine Learning Models

With ML models, the approach is quite different as the goal is to directly predict
T̂i,j = f(features) from a set of features2. To the best of our knowledge, Robinson
and Dilkina [60] is the fist attempt to use ML in order to predict human migration.
The authors use two ML techniques: (a) "extreme" gradient boosting regression
(XGBoost) model; and (b) deep learning based artificial neural network (ANN)
model. The authors compared these techniques with both the gravity model and
the radiation model, and find that these ML techniques outperform them on several
commonly used metrics.

Similarly to us, this approach also attempts to directly predict T̂i,j from the set of
features without requiring any production function. But it exhibits two important
differences with our method: a) it uses traditional features for their prediction
model, which is composed of geographical and econometric properties such as the
inter-country distance, median household income, etc.; and b) it does not capture
the dynamic aspect since the prediction only relies on the previous time-step set of
features.

2.3.1 Scalable Tree Boosting System

The XGBoost model is a "scalable tree boosting system" [11, p. 1]. It is based on
gradient boosting [23] and is extensively used by winners of Kaggle competitions [10,
8]. One interesting consequence of using XGBoost is that it classifies the features
according to their importance [11, 60].

2.3.2 Artificial Neural Network

The ANN model presented by Robinson and Dilkina [60] uses rectified linear unit
(ReLU) activation layers. Its main particularity is its loss function, which is based on

2Notice that you could approach the problem the same way as with traditional models but it is not a
common practice.
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the common part of commuters (CPC) metric defined in detail in Chapter 4. The CPC
is simply the percentage of correctly predicted numbers of travellers [46]. Chapter 3
will give more details on activation layers, loss functions and how an ANN works.

2.3 Machine Learning Models 11





Background 3
3.1 The Google Trends Index

As Google is by far the most widely used search engine with more than 70% of
the market share and more than 1 billion users worldwide1, relying on its data
seems like the most appropriate and general choice to represent the behaviour of
the internet users around the world and to measure their migration intentions.

Böhme et al. [9] suggest a new measure of migration intentions using aggregate
online search intensities: the Google Trends Index (GTI). The GTI is based on the
Google Trends (GT) data freely accessible at [32]. The GT tool allows collecting
a daily measure of the relative quantities of web search of a precise keyword in a
particular region of the world for a specified span of time2 [25, 32]. In this thesis
we make use of this new feature.

Figure 3.1 shows the result obtained on the GT website for the keyword migration
in Belgium over a 12 months period.

Fig. 3.1.: Result displayed by Google Trends for the keyword migration in Belgium from
May 26, 2019 to May 25, 2020 [32].

1According to Net MarketShare: https://netmarketshare.com/
2The data can be downloaded from their website, or through an unofficial API [25].
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GT provides two samples: (a) real-time data, "covering the last seven days"; and (b)
non-real-time data, which "goes as far back as 2004 and up to 36 hours before your
search" such as in Figure 3.13 [32]. The GTI makes use of the latter. GT provides
search results that are "are normalised to the time and location of a query by the
following process" [31, 61]:

• "each data point is divided by the total searches of the geography and time range
it represents to compare relative popularity. Otherwise, places with the most
search volume would always be ranked highest" [31];

• "the resulting numbers are then scaled on a range of 0 to 100 based on a topic’s
proportion to all searches on all topics" [31];

• "different regions that show the same search interest for a term do not always
have the same total search volumes" [31].

Depending on the size of the period GT will provide a weekly index or a monthly
index when the period is over 5 years long. For each index it will give a relative search
result which oscillates between 0 and 100 using the aforementioned normalisation.
It is important to notice that if the volume of searches for a certain keyword is too
low, that is below an unknown threshold fixed by Google, the value of the returned
index will be 0.

To best represent the migration intentions of Internet users via online searches, a
set of terms related to the theme of migration is selected. It is composed of the
67 most semantically related terms to “immigration” and the 67 most semantically
related terms to the word “economics” according to the website Semantic Link4.
This website is based on the English version of the Wikipedia online encyclopedia
to determine which words are semantically related. In addition to the 67 most
semantically related terms to immigration, the set of keywords is also composed of
the 67 most semantically related terms to economics because economy is the main
factor that drives people to take migration decisions. Indeed, today the main reasons
for migration are employment opportunities and higher wages [52, 62].

Every term is transcribed in 3 languages with Latin roots: English, Spanish and,
French. This ensures a simpler data extraction while covering a maximum of people,
that is, about 841 million native speakers [18]. Table A.1 in the appendix contain the
set of main keywords for these 3 languages. In order to capture the whole keyword’s
predictive power, different versions of each word are included. The American and
British English spellings of words are taken into account together with the singular

3In this work, when we mention Google Trends we refer to their non-real-time sample.
4https://semantic-link.com/
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and plural forms. For the French and Spanish languages, the male and female forms
are both considered as well as a version with accent and another without. The joint
search intensities of the different forms are then captured by using the + operator
between each version of the term which corresponds to a boolean OR operator in
the Google Trends tool.

As Böhme et al. [9] use the data on human migration furnished by the OECD [54],
which provides a yearly incoming migratory flow from 101 countries of origin to
the 35 countries member of the OECD from the early 1980’s until 2015, the Google
Trends Indexes (GTI) must match these values.

The Google Trends Indexes of a precise keyword for a particular country are then
calculated by capturing the measures provided by Google Trends for the chosen
keyword in the geographical area corresponding to the country in question for the
time period spanning from 2004 to 20145. Since the values provided by Google are
provided as intervals of one month6 and are normalised in a range between 0 and
100, the GTI are computed by taking the average of the values for each year in order
to match the migration data. The final indexes therefore reflect the variation of the
quantity of searches for the keyword over the years in the specific country.

The bilateral GTI data is made up of the two different forms of vectors: GTIbii,j,t and
GTIunii,t ×GTIdesti,j,t. Three different forms of GTI values are thus defined:

the vector of unilateral GTI (GTIunii,t) contains the GTI values of the set of key-
words for the country of origin i during the year t (e.g., visa, migrant, work,
etc.);

the vector of bilateral GTI (GTIbii,j,t) contains GTI values also specific to the coun-
try of destination j. The values are still captured in the country of origin i

during the year t but the related keywords correspond to the combination of
the terms from the migration-economics set with the name of the destination
country (e.g., visa Spain, migrant Spain, work Spain, etc.);

the destination GTI (GTIdesti,j,t) contains only the GTI value of the keyword cor-
responding to the destination country’s name j (e.g., Spain) in the country i
and the year t.

Appendix C on page 63 contains a description of our script extracting the different
forms of GTI values. It is used in conjunction with the keywords in Appendix A on
page 57. The script is available on the following repository:

5Google Trends data only starts from 2004 and the migration data stops after 2015.
6This is specific to requests spanning from 2004 to the present, for shorter periods of time (below 5

years), the intervals between each index are more frequent.

3.1 The Google Trends Index 15



https://github.com/aia-uclouvain/gti-mig-paper

3.2 Estimating Gravity Models using Ordinary Least
Squares

Taking the logarithm of the gravity model (refer to equation (2.2) on page 9) makes
it possible to build an estimator, or a learning model, using ordinary least squares
(OLS), the most commonly used linear least squares method [73].

Let Y be a response variable, and X a covariate, also known as predictor or a feature.
The simple linear regression model is thus:

Yi = β0 + β1Xi + εi ∀i = 1, . . . , n (3.1)

Generalising to n observations with p parameters, we get the following matrix
form:

Y = XTβ + ε (3.2)

Where Y a n x 1 column vector corresponding to the response variable; X is a n
x p matrix corresponding to the input features; β is a p x 1 column vector of the
unknown parameters; ε a n x 1 column vector corresponding to the robust error
term.

The idea of the ordinary least squares is to determine the weights β that minimise
the residual sum of squares, as given by the following equation [73]:

β̂ = arg min
β
||Y−Xβ||2 (3.3)

To introduce our approach, Y would be the next year migration predictions T̂i,j,t+1,
while X are the input features from the current year of our different models (see
Chapter 4 for more on that).

3.2.1 Estimating the Unilateral and Bilateral Gravity Models

Let us now look at a practical use of the gravity model with Google Trends data.
Böhme et al. [9] demonstrate how the use of geo-referenced online search data
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to measure the migration intentions brings strong additional predictive power for
international migration flows compared to traditional models from the migration
literature. Since their work is very recent and very close to the purpose of this thesis,
we attached great attention to it. We already presented a part of the paper in the
section 3.1 by describing the method employed to select the keywords linked to the
migration topic as well as the method employed to extract the relative quantities
of web searches via Google Trends. We already defined the different forms of the
Google Trends Indexes used, thus in this section we will focus on the presentation of
the different models together with their results.

The authors rely on two gravity models which are estimated by a linear regression,
and more specifically using the scaled ordinary least squares (OLS) estimation.

Unilateral Model

Two major different migration models have been presented. The first one is unilat-
eral: it tries to predict the outgoing flow of migrant from an origin country during a
certain year, regardless of their destination, based on economic, demographic and
geo-referenced online search data of the previous year.

The equation for the unilateral model is the following:

Yi,t+1 = β1 GTIunii,t + β2 Oi,t + γi + δt + εi,t (3.4)

From the above equation, the dependent variable Yi,t+1 is the base 10 logarithm
annual flow of migrants leaving the country of origin i towards any of the OECD’s
destination countries during the year t+ 1: Ti,j,t+1

7. As said earlier, this data comes
from the OECD [54] which provides a yearly incoming migratory flow from 101
countries of origin to the 35 countries member of the OECD from the early 1980’s
until 2015.

The vector of unilateral GTI orGTIunii,t contains the GTI values of the 134 keywords
of the “immigration-economic” set described earlier for the country of origin i during
the year t (as explain in section 3.1).

Thereafter, Oi,t is a vector of control variables of the country of origin and destina-
tion for the year t. These variables contain different demographic and economic
indicators about the country for the concerned year inspired by the existing literature

7To avoid computation issues with null migration flows, the logarithm is calculated on the value plus
one: Yi,j,t+1 = log(Ti,j,t+1 + 1). This applies to any other variable resulting from a logarithmic
calculation.
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on migration intentions. They gather as basic measures the base 10 logarithm of
the total GDP and the base 10 logarithm of the population. However, they also
include additional measures like the unemployment rate, the share of the young
population, the share of the internet users (per 100 people), the share of mobile
phone subscriptions (per 100 people). These first control variables are collected
from the World Development Indicators [74]. Other factors from various sources
are also appended like the number of weather and non-weather disasters [20], the
Polity IV Autocracy Score and the State Fragility Index [49]. Finally, since the used
keywords are translated in only 3 languages (English, Spanish, and French), the
shares of the native population that fluently speaks these languages are also included
[51]. These control variables are added in extension because many of those data are
missing for some origin countries.

Afterwards γi and δt are vectors of fixed-effects specific respectively to the origin
country i and to the year t. The first vector absorbs time-invariant factors specific
to the country of origin while the second vector absorbs time-varying factors like
economic crisis, population dynamics, etc. Finally εi,t represents the robust error
term.

Bilateral Model

The second model and the most interesting one is the bilateral model: it no longer
considers only the outgoing migration flow from a country of origin but rather
the number of migrant leaving a country of origin towards a specific country of
destination during a certain year. The equation for the bilateral model is the
following:

Yi,j,t+1 = β1 GTIbii,j,t + β2GTIunii,t ×GTIdesti,j,t+

β3 Oi,t + β4 Dj,t + γi,t + δj,t + τi,j + εi,j,t
(3.5)

The dependent variable Yi,j,t+1 is the base 10 logarithm annual flow of migrant from
the country of origin i to the country of destination j during the year t+1 (plus one).
These values come from the same OECD migration database as for the unilateral
model.

A crucial difference with the precedent model is that this one includes different
forms of the GTI vectors. Indeed, since bilateral GTI GTIbi uses more complex
keywords (2 terms instead of 1) 94% of the total corresponding GTI scores are
null because the search volume is not important enough to pass the Google Trends
threshold. The GTIunii,t ×GTIdesti,j,t parameters provide thus a less relevant but
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more flexible and less sparse form of the bilateral GTI values (34% of null GTI scores
on the whole database).

Oi,t and Dj,t are the vectors of the control variables specific to the country of origin
and to the destination country for the year t. They contain the same basic and
extended parameters as in the unilateral model.

γi,t , δj,t and τi,j are vectors of fixed-effects specific respectively to the pair origin-
year, to the pair destination-year and to the pair origin-destination. They absorb
time-varying factors like economic crisis, population dynamics, policy changes but
also time-invariant factors such as distance between the two countries, their common
languages, etc. And again the εi,j,t represents the robust error term.

Results

Multiple experiments comparing the quality of predictions of different versions of the
unilateral and bilateral model are then carried out. Among those different variations
applied to the initial models, we can cite a version with the totality of the control
variables (the basic model only uses the GDP and the population size), regressions
that are only fitted with a part of the total observations, and models with different
types of fixed-effects vectors. For each variant, a model not using the GTI vectors is
confronted with another regression using those vectors.

It is important to notice that every model is trained via a scaled ordinary least squares
(OLS) and that no validation or test sets are defined, the models are evaluated with
the same data as those used for their training. Moreover, the metric used to evaluate
the quality of the predictions is the coefficient of variation R2. A second metric
called the within-R2 is also calculated, it corresponds to the coefficient of variation
from the mean-deviated regression, that is, the ordinary R2 from running OLS on
the transformed data.

The results of these different experiments show that the within-R2 is always signifi-
cantly increasing when we add to the models the GTI vectors whatever the version
of the initial model. As for the overall R2 it increases slightly or remains constant
when adding the GTI. The results of these experiments are presented in Figures B.1
and B.2 in the Appendix.

To conclude, Böhme et al. [9] presented evidence that adding information about in-
ternet search volumes for specific keywords can help estimate international migration
flows using traditional models. Furthermore, they found that these improvements
are even more significant when we limit the predictions to countries of origin with a
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high internet penetration and whose population mainly speaks the languages used
for the extraction of the online search intensities. Finally they also showed that the
used GTI reflects genuine migration intentions by comparing the predictive power
of migration survey data with the one using GTI.

3.3 Artificial Neural Networks and Deep Learning

We will focus on Artificial Neural Networks (ANN) and specifically on Recurrent
Neural Networks (RNN) using Long-Short Term Memory (LSTM) cells, since it seems
to be a promising technique. To better understand the LSTM, let us proceed in three
steps: (a) understand what an ANN is; (b) explain how RNN came by and how they
work; and (c) what problems the LSTM addresses and how it works. Notice that
throughout this section it is important to remember Occam’s razor principle: among
all theories explaining the world equally well, the simplest is the best.

3.3.1 Artificial Neural Networks

The Artificial Neural Network (ANN) is an information processing paradigm that is
inspired by the way the biological nervous system such as brain process information.
It is composed of large number of highly interconnected processing elements (neu-
rons) organised in layers working in unison to solve complex problems [48]. It is
able to catch the complex dynamics behind the migrations [60].

An ANN goal is to compute an estimation function, for instance the next-year
migration flows T̂i,j,t+1, from a certain input x. In its most basic form it has three
layers: (a) an input layer; (b) a hidden layer; and (c) an output layer. One special
type is the feedforward ANN, where information flows from the input layer, through
the hidden layer and finally to the output layer. This process is called forward
propagation. It has thus no feedback connections. Historically the feedforward ANN
is known as the single layer perceptron.

Information Flow and Activation Layer

A feedforward ANN is formed by a network of functions, or layers, that is T̂i,j =
T

(3)
i,j (T (2)

i,j (T (1)
i,j (x))). T (1)

i,j is the first layer of the network, T (2)
i,j is the second layer,

and T (3)
i,j is the third layer. This can be visualised in Figure 3.2. Together they form a
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Fig. 3.2.: A feedforward ANN of width 4 and depth 3 with 3 inputs and 1 output.

chain of functions known as the network. The length of this chain is known as the
depth of the model, while the dimensionality of each hidden layer is called the width
of the model. These layers can be also thought of as units. To compute the hidden
layer values, you need to choose the activation function.

Fig. 3.3.: The hyperbolic tangent, the logistic
(or sigmoid), and the rectifier (or
ReLU) activation functions.

Three common activation functions are
the hyperbolic tangent, the logistic, and
the rectifier as can be seen in Figure 3.3.
Each one has its advantages and draw-
backs [30].

The hyperbolic tangent has a range
between -1 and 1. It has the in-
teresting property to saturate for
arbitrarily large positive or nega-
tive values. Thus it is insensitive to
small input changes, but is particu-
larly useful to detect a sign change.
It may give rise to the vanishing
gradient problem. It has the following definition and derivative:

t(x) = tanh(x) = ex − e−x

ex + e−x
(3.6)

t′(x) = 1− t(x)2 (3.7)

The logistic better known as the sigmoid, has a range between 0 and 1. It has
mostly the same properties than the hyperbolic tangent but it is not centred in
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0. It may also give rise to the vanishing gradient problem. It has the following
definition and derivative:

t(x) = σ(x) = 1
1 + e−x

(3.8)

t′(x) = t(x)(1− t(x)) (3.9)

The rectifier also known as the rectified linear unit (ReLU), is the most recom-
mended activation function for most feedforward artificial neural networks.
Although this function yields a nonlinear transformation, it keeps many nice
properties of linear models, including for generalisation, since it is piecewise
linear. Thus it is easily optimised using gradient-based approaches. However, it
may give rise to the exploding gradient problem. It has the following definition
and derivative:

t(x) =

0 for x ≤ 0

x for x > 0
(3.10)

t′(x) =

0 for x ≤ 0

1 for x > 0
(3.11)

Backpropagation, Optimisation and Loss Functions

As a machine learning technique, a neural network is trained using gradient descent.
Backpropagation is the process through which the gradient is computed by sending
the flow of information backwards through the network. A specificity of neural
networks is its tendency to make most loss functions become nonconvex. Thus
iterative and optimised gradient descent are used. The most common one is the
Stochastic Gradient Descent (SGD) [63]. The Adaptive Moment Estimation (Adam)
is a variation for SGD where the learning rate is adapted using both the gradient
and the second moments of the gradient [45].

To learn properly from their errors, neural networks also need a loss function. A loss
function f(T, T̂ ) is a method evaluating how well the algorithm models the data,
it calculates the error between the predicted output value T̂ and the ground truth
value T . This means that the lower the result of the function, the more the model
fits the data. Both the ANN and the LSTM used in this paper uses Robinson and
Dilkina [60] custom loss function as well as two more conventional loss functions.
Let T be the ground truth value, T̂ the prediction matrix, m the number of origin
countries, n the number of destination countries, vj =

∑m
i=1 Ti,j the number of
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incoming migrants for a zone j, v̂j its prediction. The different loss functions are
thus given by:

Common Part of Commuters This is is based on the Common Part of Commuters
metrics proposed by Robinson and Dilkina [60]. It simply compares the ground
truth value with the predicted migration values. For more details refer to the
explanation of equation (4.1) on page 31.

LCPC(T, T̂) = 1−
2

∑m,n
i,j=1 min (Ti,j , T̂i,j)∑m,n

i,j=1 Ti,j +
∑m,n
i,j=1 T̂i,j

(3.12)

Mean Absolute Error Which is the sum of the absolute differences between the
ground truth and predicted migration values.

LMAE(T, T̂) = 1
m · n

m,n∑
i,j=1
|Ti,j − T̂i,j | (3.13)

Mean Square Error Which is the average squared differences between the ground
truth and predicted migration values.

LMSE(T, T̂) = 1
m · n

m,n∑
i,j=1

(Ti,j − T̂i,j)2 (3.14)

Generalisation and Regularisation for Deep Learning

To build a good model, both the training error, made during the training, and the
generalisation error, made during the testing, need to be minimised. When training
the model it is important to avoid underfitting. Underfitting means a model is not
complex enough to adequately capture the underlying relations of the data, that is,
the training error is large. Moreover, when testing the model, it is also important
to avoid overfitting. Overfitting means that the model performs very well on the
training data since its production fit very closely to this particular data but it will give
poor results on new data, that is, the model will not generalise well on previously
unseen or future data. It can be caused by an overly complex model [30].

Compared to other machine learning techniques, deep learning has a stronger
tendency for overfitting. It is thus crucial to use methods to identify and avoid it. One
way to regulate the complexity of the model is the use of regularisation techniques.
One of the most successful used strategy is the dropout where a fixed proportion p of
input features or of hidden units are randomly dropped during the training. Dropout
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is an elegant technique, due both to its simplicity and computational efficiency,
which leads to better performances. Nonetheless, when only a few labelled examples
are available it can be less effective[66].

Limitations

Although its many applications, an ANN has two constraints [34, 30]: (a) it only
takes a fixed set of vectors as input and returns a fixed set vectors as output; and
(b) it does not share features learned across different parts of the sequential data,
that is, it cannot learn from previous examples to inform later ones. One way to
solve that is to extend the ANN with loop connections: the recurrent neural network
(RNN).

3.3.2 Recurrent Neural Networks

A recurrent neural network (RNN) is more flexible than an ANN since [34, 30]: (a) it
allows to operate over sequence of data where the inputs and the outputs can be of
varying length; and (b) it allows information to persist through internal loops. Thus
to put it simply, a RNN is an ANN with recurrent connections that make it possible
to memorise previous inputs in the network’s internal state, which in turn can be
used to influence the network’s output.

This can be visualised in Figure 3.4. It is a RNN with input Xi,j,t, with a state corre-
sponding to the hidden layers, and an output T̂i,j,t. It shows how the information is
passed forward through time. The left side can be unfolded to give the right side
where each node is associated to a specific time step.

Fig. 3.4.: An unfolded RNN. Each state is a neural network that can be trained. The left-side
correspond to the rolled RNN, while the right-side to the unrolled RNN.
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Limitations

Albeit its ability to learn from the past, a RNN is not capable to learn properly long-
term dependencies due to both the vanishing gradient problem and the exploding
gradient problem [34, 30]. This is were the LSTM comes in.

3.3.3 Long Short-Term Memory

A set of various approaches, known as gated RNN, have been proposed to make RNN
handle long-term dependencies. Two of the most known approaches are the Long
Short-Term Memory (LSTM) and the Gated Recurrent Unit (GRU), which are, to this
day, the most effective sequence models used in practical applications [30]. Since its
first publication, LSTM has gained momentum for several applications, including in
forecasting, and has been shown to yield significantly better performances in the
prediction of time series compared to other ML techniques [64, 35, 26, 76, 67, 48,
28, 42]

Historically the original, or standard, LSTM, was a response to RNN’s inability to
learn long-term dependencies, due to both the exploding gradient problem and the
vanishing gradient problems [36, 17, 7, 34]. This standard LSTM introduced two
gates into the memory cell, the input and output gates, as well as an internal loop,
known as the constant error carousel (CEC). The input gate, respectively the output
gate, purpose is to determine which signals should enter, respectively leave, while
the CEC’s is to keep it in memory. Together they control the constant error flow of a
cell [37].

However the CEC may actually break the network, that is, the conjunction of various
standard LSTM memory cells, since the internal state of an individual memory cell
may grow indefinitely. To solve that, the forget gate was introduced, which makes
the CEC dynamic by giving it weights. This dynamic CEC is thus able to learn to
reset its weight at the appropriate times and the gate is thus also known as the reset
gate. Moreover, it is advocated to add a bias of 1 to the LSTM forget gate. In deed,
recently it has been even strongly advised since it has been shown to significantly
increase performances on tasks where other gated-RNN techniques were ahead of
it [26, 42].

Thus we have the basic building block of our LSTM: "one or more self-connected
memory cells and three multiplicative units—the input, output and forget gates—that
provide continuous analogues of write, read and reset operations for the cells" [34,
p.31]. Each of these gates are a neural network that can be trained. The input
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Fig. 3.5.: LSTM gated-RNN network with a focus on 1 cell. Each cell has 3 interacting gates,
the yellow boxes from left to right: the input gate (σ), the forget gate (σ and
tanh), and the output gate (σ). Each gate is a neural network that can trained.
Inspired by Olah [55].

gate learns what information to keep in memory, the forget gate how long it should
be kept, and the output gate when to output it. This upgraded standard LSTM is
known as the extended LSTM [26]. Figure 3.5 shows the basic of a LSTM recurrent
network.

Finally, another improvement is the use of the dropout, a regularisation technique
that randomly drops a fraction of input features or hidden units. It has been shown
to improve drastically performances of neural networks, even for gated RNN like
GRU or LSTM [66, 24].

Some other variants exists, and one of the most promising one introduces peepholes
inside of the memory cell [27]. We favour the aforementioned upgraded version, that
is the extended LSTM with dropout regularisation, since it is simpler while keeping
its competitors at bay8 [42, 35, 30]. Moreover, it is also the one implemented by the
Keras neural network library, which we use in this work [13].

8Remember Occam’s razor principle.
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Approaches 4
In order to demonstrate that machine learning techniques along with geo-referenced
online data such as web searches provide better predictions on human migration
than existing models, we decided to compare 3 different models following diverse
metrics.

• The first model will be based on existing migration techniques from the
literature and will be used as benchmark. As Böhme et al. [9] already showed
that adding Google Trends data to traditional approaches like the gravitational
model improves the predictive power, we use a reproduction of their bilateral
model relying on linear regression (see equation 3.5) as a benchmark prototype
to beat.

• Secondly we use a basic machine learning model to verify the assumption that
machine learning techniques are relevant in the scope of forecasting human
migrations. We choose a basic ANN model as Robinson and Dilkina [60]
presents very promising and encouraging results for it in this domain.

• Finally we develop a more complex deep learning technique for the third
model: the Long Short-Term Memory (LSTM) which is a Recurrent Neural
Networks (RNN) architecture. The purpose is to show that this last model
yields better results than the two others.

The source code used to define, validate and evaluate the presented approaches is
available on the following git repository:

https://github.com/aia-uclouvain/gti-mig-paper

It contains the script to extract the Google Trends Index, the Google Colab notebook
to run the different experiments, as well as the data we used. The code is written in
python and uses the Keras library, which runs on top of TensorFlow to build the two
machine learning models while the scikit-learn library is used for the OLS, for the
standardisation of the data and to compute certain metrics.
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4.1 Data

We roughly employ the same set of data as Böhme et al. [9] used for the bilateral
model (equation 3.5) since we choose that model to be our benchmark. This choice
is convenient for a variety of reasons: (a) it allows to ensure that our reproduction of
their model is faithful by comparing our results with the one presented in the paper;
(b) since their data is available online, it allows us to avoid the tedious extraction
of GTIs due to the GT rate limits (see Appendix C); and finally (c) it allows us to
show that for exactly the same set of values they used, there exist better performing
models.

As explained in sections 2.3 and 3.3, when using machine learning techniques, the
idea is to fit f when predicting Ŷ = f(features). As a reminder, for our application
the dependent variable Y is the next year annual migration flow Ti,j,t+1 between
a country of origin i and a country of destination j while the features are geo-
referenced demographic, economic and online search data about the countries of
origin and destination for the current year t.

The migration data are provided by the OECD [54]. It provides a yearly bilateral
migratory flow from 101 countries of origin to the 35 countries member of the
OECD from the early 2004 until 2015 which makes a total of 23 947 observations.
It is important to notice that this data is very sparse and that there are a lot of
missing values: for a majority of origin-destination pair of countries, the values of
annual migration flows are available of only a subset of the years from 2004 to 2015.
Furthermore, a majority of the annual migration flows are near zero observations
and there are very few extremely important ones but we will discuss about it later in
section 5.1 in a deeper analysis.

Table 4.1 gives an overview of the different features used in the three models. From
the set of control variables provided by Böhme et al. [9] (see section 3.2.1), we
choose the following factors: Gross Domestic Product (GDP) and population size
for both origin and destination countries. Since the extended variables presented in
section 3.2.1 are not available for every country and since the purpose of this thesis
is to analyse the predictive power of online search data, we limit these economic and
demographic factors as much as possible while keeping common and representative
indicators about the size and the economy of the country.

To limit the number of features without impacting too severely the model’s perfor-
mance, we restrained the fixed-effects to three one-hot vectors representing the
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Tab. 4.1.: The output variable along with the input features used for the different models.
Each feature spans from 2004 to 2014 for a pair of origin-destination country.
Refer to subsection 3.1 for a detailed explanation of the Google Trends Index
(GTI).

Dependent variable Description

Ti,j,t+1 Next year migration flow from country i to country j

Input featuresi,j,t Description

GDPi,t Gross Domestic Product for origin country i during the year t
GDPj,t Gross Domestic Product for destination country j during the year t
popi,t Population size for origin country i during year t
popj,t Population size for destination country j during year t
fixedi Origin country i fixed effects, encoded as a one-hot vector
fixedj Destination country j fixed effects, encoded as a one-hot vector
fixedt Year t fixed effects, encoded as a one-hot vector
GTIbii,j,t Bilateral GTI for a pair origin country i and destination country j during a year t
GTIunii,t ×GTIdesti,j,t Unilateral and destination GTI for an origin country i, a destination country j during a year t
Ti,j,t Current year migration flow from country i to country j

concerned country of origin (fixedi), the concerned country of destination (fixedj)
and the concerned year (fixedt).

We could use a single one-hot vector fixedi,j specific to the pair of origin and
destination country i, j as it would allow to absorb time-invariant factors like the
distance between the 2 countries or the presence of common language, etc. However
the dimension of the vector would significantly increase as we need an entry for
each pair of origin and destination countries instead of an entry for all origin and
destination countries1. The low number of observations pushes us to restrict the
size of input vectors in order to sustain an acceptable ratio of number of features
per observation and to limit overfitting [30].

Finally we added a last feature Ti,j,t not initially present in the bilateral model which
is the value of the migration flow for the current year because it provides a strong
additional predictive power.

Obviously we keep the different forms of the bilateral GTI:GTIbii,j,t andGTIunii,t×
GTIdesti,j,t.

Since the Google Trends data start in 2004, that the migration data used by Böhme
et al. [9] stops in 2015 and that we want to predict the next year migration, the input
features data spans from 2004 to 2014 and the output variable spans from 2005 to
2015. That means that we have time-series of migration flows between 2 countries
of maximum 11 years in length. Moreover we decide to drop the observations for
pair of origin-destination countries where migration data was available for only one
year, that is, the time-series of length 1, because these observations were not relevant

1Since we have 101 countries of origin and 35 countries of destination the dimension ratio between
fixedi,j and fixedi ∪ fixedj is 101∗35

101+35 ≈ 26.
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(almost always near zero migration flows) and biased heavily the performance of
the different models due to the lack of data for these pairs of countries.

To conclude it leaves us with 101 countries of origin, 34 countries of destination,
1997 time-series of length in the range from 2 to 11 for a total of 19 326 observa-
tions.

Thereafter, we will need to divide our data into 3 different sets:

• a training set which will be used to fit our models;

• a validation set with which we will not use to fit our models in the first place
because it will be used to regulate the hyper-parameters. We assess the models
with different parameters on this set of data to determine which ones lead to
the best performances;

• a test set which will be used to evaluate the final predictive power of each
model once all their parameters are fixed.

As we want to evaluate the capacity of the models to predict migration flows of
future years, we divide the initial set of data by subgroup of years. The training set
gathers the input features from 2004 to 2012 (input featuresi,j,04..12 ∀i, j) and also
all the observed migration flows spanning from 2005 to 2013 as output (Ti,j,05..13

∀i, j) since we predict next year migration. The validation set consists of input
features on the year 2013 (input featuresi,j,13 ∀i, j) and migration flows of 2014
(Ti,j,14 ∀i, j) while the test set captures output migration flows of the year 2015
(Ti,j,15 ∀i, j) and input values from 2014 (input featuresi,j,14 ∀i, j).

Since the validation and the test sets each gathers data for one of the 11 years
available, each of these sets represents slightly less than 10% of the whole data.

It is important to clarify that when we assess the performances of our models on the
test set, that is, after the validation on hyper-parameters, we fit the models both on
the training and validation set.

Metrics

The performance of the prediction models can be evaluated with several metrics.
We present below the metrics used in [60] as well as their equations.
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Common Part of Commuters (CPC) : It is a common metric used in the litera-
ture to evaluate human mobility models [46, 60]. Its value is 0 when the
ground matrix T and the prediction matrix T̂ have no entries in common, and
1 when they are identical:

CPC(T, T̂) =
2

∑m,n
i,j=1 min (Ti,j , T̂i,j)∑m,n

i,j=1 Ti,j +
∑m,n
i,j=1 T̂i,j

(4.1)

Mean Absolute Error (MAE) : A standard and widely used measure, its value is
0 when the values of both matrices are identical, and arbitrarily positive the
worse the prediction gets:

MAE(T, T̂) = 1
m · n

m,n∑
i,j=1
|Ti,j − T̂i,j | (4.2)

Root Mean Square Error (RMSE) : Another standard measure to evaluate pre-
dictions, its value is 0 when the values of both matrices are identical, and
arbitrarily positive the worse the prediction gets. The main difference with the
MAE is that the RMSE penalises more strongly the large errors:

RMSE(T, T̂) =

√√√√ 1
m · n

m,n∑
i,j=1

(Ti,j − T̂i,j)2 (4.3)

Coefficient of determination (r2) : It measures the goodness of fit between the
predictions and the ground truth values. Its value is 1 when the predictions
perfectly fits the ground truth values, 0 when the predictions are identical to
the expectation of the ground truth values, and arbitrarily negative the worse
the fit gets:

r2(T, T̂) = 1−
∑m,n
i,j=1(Ti,j − T̂i,j)2∑m,n
i,j=1(Ti,j − T )2 (4.4)

Mean Absolute Error In (MAEin) : That is, the MAE on total incoming migrant
by destination countries vj =

∑m
i=1 Ti,j . Following the argument given by

Robinson and Dilkina [60], we justify this choice of metric because even if the
total incoming migrants in a country provides less information compared to
the amounts migrants from each origin country (to this destination country),
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it remains a very important and more direct measure for policy makers as it
can predict future population growth:

MAEin(v, v̂) = 1
n

n∑
j

|vj − v̂j | (4.5)

In order to make fair comparisons, for our experiments, we use these metrics.

4.2 Gravity Approach

As explained earlier, we use a reproduction of the bilateral gravity model estimated
through an OLS regression from Böhme et al. [9] as benchmark model. Since the
authors presented different versions of the model, we choose the most straightfor-
ward form using the Google Trends data whose simplified base 10 logarithm gravity
equation is represented below2.

log Ti,j,t+1 = β1 GTIbii,j,t + β2 GTIunii,t ×GTIdesti,j,t+

β3 logGDPi,t + β4 log popi,t + β5 logGDPj,t+

β6 log popj,t + fixedi + fixedj + fixedt + εi,j,t

(4.6)

By comparing the above equation with the complete version of the gravity’s equation
described in 3.5, one can notice that we restrain the control variables to the GDP and
the population size of the origin and destination countries and we use 3 simplified
vectors of fixed-effects encoded as one-hot vectors.

To ensure that our reproduction of the gravity type model proposed by Böhme et al.
[9] is faithful, we compare the linear regression’s coefficients and the r2-score that
we obtain after a fit on the whole dataset with theirs and we find very similar results.
The analysis of these coefficients allow us to observe the impact of the different
features on the predictions of this model.

Tab. 4.2.: The coefficients of the different control variables obtained by the fit of the gravity
model 3.5 estimated through an OLS regression on the whole data.

Feature logGDPi,t log popi,t logGDPj,t log popj,t
Coefficient -0.057 1.299 -0.0079 -0.212

2Once again, the logarithm of the following equation are computed on the value of the variable plus
1 in order to avoid any complications with null values.
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We represent in Table 4.2 the coefficients of the demographic and economic features.
As suspected, the population size of the origin country has a strong positive impact on
the prediction of the migration flows. On the other hand, the population size of the
destination country surprisingly has a negative impact on it. These coefficients tend
to show that the GDP has significantly less influence on the estimation compared to
the population. However, these surprising results can be partially explained by the
fact that the vectors of fixed-effects already absorb time-invariant demographic and
economic factors at the origin and destination countries level.

By analysing the coefficients corresponding to the GTIs, we notice that the first type
of bilateral GTIs (GTIbii,j,t) have a mean absolute weight of 0.03 while the second
type of bilateral GTIs (GTIuniot × GTIdestodt) have a mean absolute weight of
0.000 153. The model grants greater importance to the first type of GTIs although
they are much more sparse (94% of null values) than the second type (34% of null
values). This shows that the GTIbii,j,t better represent the intentions of migration
to the destination country d than the GTIunii,t multiplied by the GTIdesti,j,t.

The weights assigned to the one-hot vectors of origin and destination countries
(fixedi and fixedj) have respective mean absolute values of 1.51 and 1.23. This
shows that these fixed-effects play a very important role in the estimation of mi-
gratory flows. The coefficients corresponding to the destination fixed-effects are
approximately proportional to the population size: the highest weight is associated
to the USA (3.44) while the lowest is associated to the Latvia (-2.91). This tendency
is not observed with the origin countries: there is almost no correlation between
the population size of the country and the associated weight. This confirms our hy-
pothesis: the value of the coefficient linked to the population size of the destination
country is counter-intuitive because the destination fixed-effect already absorbs this
information.

Finally, by observing the linear regression’s coefficients corresponding to the years
of migration presented in Table 4.3, we can observe a general tendency to increase
with time. We can conclude that with the exception of certain years, the more the
years advance, the more the migratory flows of our database are important.

3Notice that to best match the original model no data standardisation has been performed. This
implies that the GT Ibii,j,t are spanning from 0 to 100 while the GT Iunii,t ×GT Idesti,j,t range
from 0 to 10 000. It explains why the second ones have such low coefficients. However, their
weights remain proportionally lower since the ratio between the two means is 1/200.
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Tab. 4.3.: The coefficients associated to the different years of the one-hot vector fixedt

obtained by the fit of the gravity model 3.5 estimated through an OLS regression
on the whole data.

Year 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014

Coefficient -0.2 -0.17 -0.15 0.0 0.01 0.07 -0.04 0.04 0.11 0.11 0.2

The various analysis that we carried out highlight an advantage that this first
model has compared to the following. Even if it turns out that linear regression
is less efficient than machine learning techniques, it nevertheless remains much
more interpretable than these latter. Indeed, such studies on the impact of the
different features is much more complex or even impossible with the ANN and LSTM
models.

4.3 ANN Approach

Our second model is a deep learning based artificial neural network (ANN) model as
proposed in Robinson and Dilkina [60]. Our ANN is composed of densely connected
with rectified linear units (ReLU) activation layers and use a Adam optimiser (refer
to Chapter 3). As presented in Figure 4.1, we use the same model for all the
predictions with a time-step of 1 year. This means that the ANN receives as input the
set of features input featuresi,j,t described in Table 4.1 and outputs the predicted
next-year migration flow Ti,j,t+1.

Fig. 4.1.: Architecture of the ANN approach.
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Since it is a very common and recommended practice in machine learning and in
regression analysis, we standardize the data in a range from 0 to 1 before being
used by the neural network in order to improve the performance and to avoid
obtaining misleading results . We use a min-max scaler [30] on each of the following
variables:

∀i, t GDPi,t & popi,t

∀j, t GDPj,t & popj,t

∀i, j, t GTIbii,j,t & GTIunii,t ×GTIdesti,j,t & Ti,j,t

That means for each of these 7 types of data, we apply the following transformation:

V = V −min (V )
max (V )−min (V ) (4.7)

V being the set of all values of the concerned variable. Seeing that our data is very
sparse for some features and that we do not have negative values, this scaler seems
like an appropriate choice as it does not change null values.

Hyper-parameter Optimisation

The next step is to optimise our model by tuning different hyper-parameters. We
validate the following hyper-parameters in this order: loss function, depth and width
of hidden layers, training batch size, dropout and number of epochs.

First, we analyse the efficiency of the ANN approach depending on the associated
loss function as presented in section 3.3.1: (a) MAE; (b) MSE; or (c) CPC.

Since the neural network’s number (i.e., depth) and sizes (i.e, width) of hidden
layers define the whole structure of the model, these are the parameters that most
influence the quality of predictions. It is necessary to choose a judicial structure
of ANN because a too complex model will lead to overfitting while a too simple
structure will cause underfitting. See chapter 3 for more on that.

The batch size corresponds to the number of training samples propagated through
the ANN before proceeding to the computation of the loss function, to the gradient
descent and thus to the update of the internal model parameters. The larger the
batch size, the fewer applications of the backpropagation algorithm, so the faster the
model will be trained. However, too large values of batch size can impact negatively
the prediction’s quality. The objective is therefore to find a good compromise
between speed and performance.
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Adding a dropout regularisation in machine learning techniques is a common choice
to reduce the overfitting and ensure a better generalisation [66, 24, 3]. It consists
on a value ranged between 0 and 1 representing the proportion of random input
features or hidden layers dropped before each passage trough the network.

Finally, the number of epochs defines the number of times the learning algorithm
will be trained on the whole dataset. Nowadays, learning algorithms often need
hundreds or even thousands of epochs to be completely trained, however to many
epochs can cause the model to overfit [30].

For each of the previously selected hyper-parameters we proceed to the same
validation method presented in the algorithm 1.

Algorithm 1: ANN Validation Algorithm
Data: range: list of parameter’s values to be evaluated
Data: epoch: number of times the model is trained on the whole dataset
Result: The validation of hyper-parameter is done
for each val in range do

model← new_ANN_model(val) for each epoch do
T̂05..13 ← model .fit(input_features04..12 , T05..13)
add_to_train_history(compute_metrics(T05..13,T̂05..13))
T̂14 ← model.predict(input_features13)
add_to_valid_history(compute_metrics(T14,T̂14))

display_train_and_valid_histories

First, we choose a range of values range for the concerned parameter. Then we
create one model for each values val in this range. The models are defined with the
optimised values for the already tuned hyper-parameters and with an arbitrary value
for the others. Obviously, the currently tuned parameter is set to the corresponding
value val. Afterwards, we train and evaluate the models: for each epoch, we fit
them on the whole training set (see section 4.1) and then we calculate the values of
the different metrics presented in section 4.1 on the predictions made on both the
training and the validation sets. This allows us to observe for each previously defined
model, the variations of the different metrics on the training and the validation sets
depending on the number of the epoch.

We present some of these graphics obtained during the validation process in Ap-
pendix D.

Finally, after the validation on the different previously introduced hyper-parameters,
we obtain the following optimal values: loss function - MAE, depth and width of
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hidden layers - 2 layers of width 200, training batch size - 32, number of epochs -
170 and dropout - 0.1.

4.4 LSTM Approach

Our third approach is based on a Recurrent Neural Network (RNN) composed of
a single LSTM layer using an Adam optimiser in charge of predicting the bilateral
flows T̂i,j,t. The particular architecture of a RNN allows to share features learned
across different parts of the sequential data to persist through the network and it
also does not require to have a fixed set of input features vectors.

Fig. 4.2.: The unfolded gated-RNN with LSTM cells structure. The upper-side corresponds
to the folded RNN, while the lower-side to the unfolded RNN.
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As presented in Figure 4.2, the more flexible nature of RNN allows us to exploit
the time-related relations of our data by fitting the sequences of LSTM cells with
our origin-destination time series Ti,j,04..15

4. Since our time series are not all of the
same length5, it is very advantageous to be able to use non-fixed size LSTM cell
sequences.

Learning LSTM model

A simplified version of our LSTM training method is presented in Algorithm 2, while
our LSTM evaluation process is presented in Algorithm 3. Notice that the span of
years presented in the algorithms corresponds to the one used once the validation is
completed, that is, we fit our model on both the training and validation set.

Algorithm 2: LSTM Training Algorithm
Data: model: LSTM untrained model
Result: Model is trained
for each epoch do

for each pair i,j of origin-destination countries do
/* gradient descent for each batch: */
model.fit(input_featuresi,j,04..13 , Ti,j,05..14)

evaluation(model) /* see algorithm 3 */

Algorithm 3: LSTM Evaluation Algorithm
Data: model: LSTM trained model
Result: Model is evaluated
for each pair i,j of origin-destination countries do

T̂i,j,05..15 ← model.predict(input_featuresi,j,04..14)
train_error← compute_metrics(T05..14,T̂05..14)
test_error← compute_metrics(T15,T̂15)

Due to its specificity, we fit our LSTM time series by time series. Therefore we use a
variable batch size corresponding to the number of years present in the serie . This
implies that the gradient descent is applied and the LSTM’s parameters are updated
after each propagation of a time series through the LSTM cells (as presented in
Figure 4.2).

4By time serie we mean the sequence of annual migration flows between a pair of origin destination
countries i and j.

5As explain in section 4.1 about the data, for some pairs of origin and destination countries, they are
missing bilateral migration flow data for certain years.
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Furthermore the features are standardised by sequences of origin-destination in a
range [0,1] using a min-max scaler. This means that for each pair i, j of origin and
destination countries we apply the following normalisation:

Vi,j = Vi,j −min (Vi,j)
max (Vi,j)−min (Vi,j)

∀(i, j) (4.8)

where Vi,j is the set of values of one of the following standardised features for the
specified countries i and j ∀t: GDPi,t; popi,t; GDPj,t, popj,t; GTIbii,j,t; GTIunii,t×
GTIdesti,j,t; and Ti,j,t.

These modelling choices are well-considered for RNN working with multiple similar
time sequences [15] and significantly improve the performance of our machine
learning approach. Our LSTM model uses a bias of 1 for the LSTM forget gate since
it has been shown to improve performances drastically [26, 42].

It is important to notice that we use the same LSTM model for all time series.
Another approach would have been to use different networks to estimate the flows
for each pair of countries. The amount of data to train each would have been very
limited, though.

Hyper-parameter Optimisation

As in the ANN approach, we tune different LSTM hyper-parameters on the validation
set in order to find their optimal values. We optimise the following hyper-parameters
in this order: loss function, depth and size of hidden layers, dropout and number
of epochs. Notice here that we do not validate the batch size parameter since it is
already equal to the size of the different time series.

The validation process comes down to apply the training process presented in
algorithm 2 with a different set of years (since the model learns only on the training
set and makes predictions on the validation set) repeatedly by varying the value
of the tuned hyper-parameter. Furthermore, an evaluation is performed on every
epoch to assure a continuous assessment of the predictions quality depending on
the number of epochs.

The validation graphs of the different parameters are available in Appendix E.

After the validation on the different previously introduced hyper-parameters, we
obtain the following optimal values: loss function - MAE, number and size of hidden
layers - 1 layer of width 50, number of epochs - 50, and dropout - 0.15.
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As for the ANN approach, the MAE loss function presents the best results during the
validation which can be surprising since it does not penalise important errors like
the MSE and it is not a metric used specifically to evaluate human mobility models
like the CPC. However, as presented in the graphs (Appendix E), both the MAE and
the CPC losses showed similar results in term of performance for the LSTM model
with other hyper-parameters arbitrarily-fixed. This is why we have optimised the
other hyper-parameters (number and size of hidden layers, dropout and number of
epochs) both with a MAE and a CPC loss function to finally observe that the best
model among all these was the one using the parameters values presented above.
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Results and Discussion 5
We carry out experiments comparing the performance of the 3 different approaches
described in section 4.

We fit the different models on both the training and validation sets and we use
the test set gathering every migration flow taking place in 2015 as presented in
section 4.1. It is important to understand that the training data used for the following
experiments is thus composed of the training and validation sets.

5.1 Comparison of the Metrics Computed on the
Different Approaches

We measure the different metrics mentioned in the Metrics section on the predicted
migrations flows from the training data (T̂i,j,t ∀i, j ∀t ∈ [05..14]) and on the pre-
dicted migrations flows from the test set (T̂i,j,15 ∀i, j). The Table 5.1 shows the
results thus obtained.

Tab. 5.1.: Comparison of the 3 models for the specified metrics. The values shown are by
pair (train - test). Bold values indicate the best values per column. There are on
average 742 annual migrants per bilateral migration flow and 46 119 annual
incoming migrants per destination country.

CPC MAE RMSE r2 MAEin

Models train test train test train test train test train test

Linear Regression 0.871 0.866 819 877 6 100 5 239 0.800 0.773 24 128 28 737
ANN 0.931 0.834 119 306 818 1 553 0.975 0.921 3 257 9 664
LSTM 0.945 0.892 96 225 639 1 028 0.985 0.967 2 261 4 827

We can observe that our ML models perform much better than the Böhme et al. [9]’s
linear model. Indeed, with the same data, the ANN beats the first model in almost
every metric while the LSTM model completely outperforms it in all the measures.
The ANN model fits very well the training data but it does not seem to generalise as
well as the LSTM model as shown by their performance on the test set. Of course,
the results obtained on the test set are more indicative of the predictive power of
each model because it represents its capacity to estimate unknown future migration
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flows. We can draw from these first results that the LSTM is the best predictive
model among these three.

Since the RMSE values are always way higher than the MAE (between 5 and 7 times
larger) we can conclude that the models tend to make a few really large errors.
This can be explained by analysing the data. In the dataset, the mean value of
migration flows between 2 countries during a year is 742 but the median value is
only 17 while the maximum is about 190 000. This indicates that our dataset is
very sparse: there is a lot of near zero observations (40% are below 10) for a very
few extremely important ones (less than 2% reach 10 000). One can notice that
the mean absolute errors of the different models are very important compared to
the mean annual migration flows (742 and 46 119, see Table 5.1 caption) but these
values are heavily biased by the sparsity of the data and by the large errors made on
the really important migration flows, e.g. the USA and Spain.

5.2 Difference between Truth Values and Estimations

The Figure 5.1 shows the ground truth values of every annual migration flows of
the database (Ti,j,t ∀i, j, t) along with the associated values (T̂i,j,t ∀i, j, t) estimated
by each model. This allows us to observe the nature of the errors realised by the
different approaches. A little warning, these graphs represent without distinction
the estimations resulting from the training set and the ones coming from the test
set.

Furthermore, the green curves highlight the very sparse and uneven nature of the
migration flow data.

The first graph exposes the fact that the gravity approach makes huge errors on
important bilateral migration flows while the difference between the estimated and
actual number of migrants is much smaller for near zero migrations. This implies
that the mean results obtained in Table 5.1 are heavily biased by the small errors
done on small bilateral migration flows. If we decide to compute the metrics on
only interesting pairs of countries of origin and destination (let us say for example,
the ones having more than 100 annual migrants) the increase of the resulting mean
values would be significantly higher for this first approach than for the two others.

Machine learning approaches present estimations sticking much more to reality for
large migration flows. That said we can see a slight tendency of the ANN model to
underestimate the important migrations.
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We can also observe that the second model outputs a high number of negative values.
However these negative values appears for minor migration flows and a very small
part of them are below -50. In the other hand, the LSTM approach graphic shows
much less negative estimations but one of them reaches -700.

A first and very simple improvement for these two models would then be to auto-
matically set negative estimations to 0.

5.3 Comparison of the Predictions from the Test Set

In order to have a better visualisation of the predictive power of the models, we
represent in Figure 5.2 the scatter plot of the 3 models for the test set only. A scatter
plot is a graph in which each axes represents the values of a certain variable. In our
case, the ground truth values of the migrations flows from the test set Ti,j,15 ∀i, j are
plotted along the x-axis while the estimated values T̂i,j,15 ∀i, j of the different models
are represented along the y-axis. The predictions of each approach are associated
with a different colour and the green curve expresses the perfect fit. So the closer
the points are to it, the closer the prediction is to reality.

Again, the graph reflects well the sparse nature of the data as shown by the density
of points along the x-axis.

As expected following the first results, we can observe that the linear model does
not provide very accurate predictions. The ANN model, on the other hand, shows a
stronger tendency to underestimate the ground truth values. Ultimately, the LSTM’s
estimations are the ones sticking the most to the actual migration flows which
confirms our first assumption.

5.4 Comparison on the Total Incoming Migrants per
Destination

Finally, we decide to study the results of the MAEin metric in more details. As a
reminder, this metric computes the absolute mean error on the total annual number
of migrants moving each one of the 34 destination countries of the OECD (see
section 4.1). These measures represent an important and direct indicator to predict
future population growth so it deserves a deeper analysis.
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In Figure 5.3 we show the error of the total number of incoming migrants per
destination country per year for each model. The 34 destination countries from the
OECD are represented on the vertical axis while the years of concerned migration
flows are on the horizontal axis. We can observe that whatever the model, for the
majority of countries and years, the estimation error is close to null and that the
big errors often appear in the same countries of destination. Knowing that, we can
see that the heatmaps of the ANN model and of the linear regression in Figure 5.3
highlight their tendency to underestimate the migration flows especially for the last
year (the test year).

To compare these errors with the actual migration flows, we represent in the right-
most heatmap in Figure 5.3 the ground truth values of the total number of incoming
migrants per destination country and per year in descending order. With this fig-
ure we can clearly see that the errors we make are mostly for the countries with
important incoming migration flow.

In the case of Spain notice that there has been an important drop in incoming
migration flows in 2008 due to the 2007–2008 financial crisis [16]. If we look at the
LSTM model in Figure 5.3, we largely underestimate the predictions for Spain from
2005 to 2007. From 2008 and onwards, the prediction errors are comparatively
smaller to those before that pivot year. This might indicate a lack of complexity of
our model as it does not take into account major historical events like a financial
crisis.
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Fig. 5.1.: Plot of the difference between the migration flow T̂i,j,t estimated by the different
approaches and the actual one Ti,j,t ∀i, j, t. The ground truth values are sorted in
increasing order and represented in green while the associated estimated value is
represented in red.
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Fig. 5.2.: Scatter plot for the 3 models on the test set (year 2015) – The coefficient of
determination for the linear regression is 0.773, for the ANN 0.921, and for the
LSTM 0.967 (see the Table 5.1 for more details).

Fig. 5.3.: Heatmaps of the error on total incoming migrants for 34 OECD countries on the
test year (2015) showing how well each model fits the data. From left to right:
Linear Regression Model, ANN Model, and LSTM Model. The rightmost figure
is the ground values for the total number of incoming migrants by destination
countries. Countries are in descending order of total incoming migrants.
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Conclusion

Böhme et al. [9] have recently demonstrated that including Google trends data in
the set of standard features could improve the migration prediction models. In this
work, relying exactly on the same data, we improved the quality of the prediction
significantly by replacing the linear model used in by a Long short-term memory
(LSTM) artificial recurrent neural network (RNN) architecture. Our experiments
also demonstrated that the LSTM was outperforming a standard ANN on this task.

Limitations

One drawback of our machine learning approach is that we lose interpretability of
the model and the predictions despite the high interpretability potential of Google
search keywords. Machine learning techniques are very good at answering to the
question: what is predicted? However, one of the key advantages of traditional
models were their ability at answering to the question: how is it predicted?

Molnar [53] presents how to get the how part into the equation when using machine
learning. For instance, the Local interpretable model-agnostic explanations (LIME)
is a technique introduced by [59] to shed some light on the machine learning black
box. It thus so by building a simple interpretable model near the prediction and is
able to explain the output of any model. Further one, Karpathy et al. [43] shows
how LSTM can be visualised even for text and tabular data.

In this work we constrained ourselves to use an already fixed set of keywords to
extract the GTI. It uses a very straightforward and lax method of feature selection
based on the most semantically related keywords. The drawback from this method
is that the bilateral Google Trends Index feature are very sparse and contain 94%
of 0s. A better way would have been to use some feature selection as insisted by
Molnar [53]. One way could be to use a decision tree model like XGBoost [10]. In
deed, decision trees classify the features according to their importance and might
give some intelligence about which keywords ought to be kept or dropped. A more
common technique is the Principal Component Analysis (PCA) which is a technique
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to reduce the number of features in a dataset. Again, it will classify the features but
this time according to the eigenvalues of the covariance matrix of the input set.

In the previously presented approaches we restrained the economic and demo-
graphic features to the population size and the GDP for diverse reasons. Firstly
because the main purpose was to study the predictive power of Google Trends data
but also because it is complex to obtain these additional features for every origin
country. However the results have shown that the models lacks some information
to acknowledge important variation of number of incoming migrants in some des-
tination countries. Adding some factors like the presence of catastrophic events
(financial crisis, war, natural disaster), unemployment, share of internet users, etc.
could significantly improve our approaches.

Moreover, as explained in section 4.1, we use different vectors of fixed effects for
the origin and destination countries to maintain an acceptable ratio number of
observations per feature. The quantity of observed migration flow Ti,j,t is mainly
restrain by the span of years available (2004–2015). Nonetheless, the amount of
migration data will increase over time and there are other ways to address this
lack of data. So the use of a single vector of fixed effect for both the origin and
destination country fixedi,j absorbing more complex time-invariant factors like the
distance between the 2 countries, the presence of common language, etc. becomes
much more reasonable.

Perspectives

As we said earlier, one of the main use of these kinds of migration models is to
nowcast. High-performance models like the LSTM approach we presented can be
used to fill in the gaps of migration data created by the lack of information, the low
frequency or the long lag of publishing data. One could then complete the missing
values from the OECD’s migration data by the estimated values returned by the
LSTM approach and then retrain a new model with the completed data. The same
process could be applied to add more recent years to the actual database. We could
iteratively repeat the process to add migration data year by year.

In the same order of ideas, a new version of the approaches using only Google
Trends data could be explored. This would allow to benefit of the high frequency
nature of GTI and use monthly time series.
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We considered another method of validation and evaluation of the LSTM approach
which would have allowed a more detailed analysis of its performances but this
was too time consuming. Instead of defining fixed sets of training, validation and
test, using sets of increasing-size inspired by the sliding window technique. The
first training set would be only composed of data dating from the first available
year (Ti,j,05) and the validation and test sets would gather data on the next two
years (respectively Ti,j,06 and Ti,j,07). Then we would add iteratively one year to the
training set (Ti,j,05..06, Ti,j,05..07) and slide the two others sets to one year later. This
would allow us to assess the LSTM depending on the number of years on which it
learns and thus this would give an idea of the performance of the model on future
years.

As future work, we would like also to apply the latest interpretability techniques (see
[53]) to better identify what the most important features are for making high quality
migration predictions. This would equip economists, demographs and experts in
migration with new tools to shed light on migration mechanisms.
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List of Keywords A
Table A.1 contains the set of main keywords: For GTI data retrieval, both singular and
plural as well as male and female forms of these keywords are used where applicable.
In the English language, both British and American English spelling is used. All French
and Spanish keywords were included with and without accents [9, Table 1].

Tab. A.1.: List of main keywords [9, Table 1].

English French Spanish

applicant candidat solicitante
arrival arrivee llegada
asylum asile asilo
benefit allocation sociale beneficio
border control controle frontiere control frontera
business entreprise negocio
citizenship citoyennete ciudadania
compensation compensation compensacion
consulate consulat consulado
contract contrat contrato
customs douane aduana
deportation expulsion deportacion
diaspora diaspora diaspora
discriminate discriminer discriminar
earning revenu ganancia
economy economie economia
embassy ambassade embajada
emigrant emigre emigrante
emigrate emigrer emigrar
emigration emigration emigracion
employer employer empleador
employment emploi empleo
foreigner etranger extranjero
GDP PIB PIB
hiring embauche contratacion

57



Tab. A.1.: (continued)

English French Spanish

illegal illegal ilegal
immigrant immigre inmigrante
immigrate immigrer inmigrar
immigration immigration inmigracion
income revenu ingreso
inflation inflation inflacion
internship stage pasantia
job emploi trabajo
labor travail mano de obra
layoff licenciement despido
legalization regularisation legalizacion
migrant migrant migrante
migrate migrer migrar
migration migration migracion
minimum minimum minimo
nationality nationalite nacionalidad
naturalization naturalisation naturalizacion
passport passeport pasaporte
payroll paie nomina
pension retraite pension
quota quota cuota
recession recession recesion
recruitment recrutement reclutamiento
refugee refugie refugiado
remuneration remuneration remuneracion
required documents documents requis documentos requisito
salary salaire sueldo
Schengen Schengen Schengen
smuggler trafiquant traficante
smuggling trafic contrabando
tax tax impuesto
tourist touriste turista
unauthorized non autorisee no autorizado
undocumented sans papiers indocumentado
unemployment chomage desempleo
union syndicat sindicato
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Tab. A.1.: (continued)

English French Spanish

unskilled non qualifies no capacitado
vacancy poste vacante vacante
visa visa visa
waiver exemption exencion
wage salaire salario
welfare aide sociale asistencia social
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Searching for a Better Life’s
Models Results

B

Figure B.1 and B.2 respectively present the results of the different estimations based
on the unilateral 3.4 and bilateral 3.5 model [9].

Fig. B.1.: Results of the unilateral model [9, Table 4]
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Fig. B.2.: Results of the bilateral model [9, Table 5]
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Data Extraction C
The source code is available on the following repository:

https://github.com/aia-uclouvain/gti-mig-paper

Fig. C.1.: Data extraction script from Google Trends using the pytrends API [25] – Input
files are on the left side, while output files are on the right side.

The data originates from two sources:

• (i) Google Trends (GT) using the unofficial API pytrends [25];

• and (ii) the OECD’s International Migration Database (IMD) specifically the
data on inflows of foreign population by nationality [54].

Pytrends is an unofficial API for Google Trends. It "allows a simple interface for
automating downloading of reports from Google Trends" and it’s “main feature is to
allow the script to login to Google to enable a higher rate limit” [25]. It is open
source, under an Apache License 2.0. The rate limits are the following after some
experimenting:
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• 1600 sequential requests over a 12 hours time frame;

• 60 seconds of sleep between requests (successful or not) once you reach the
limit.

The data from Google Trends spans from January 2004 to December 2015, while
the IMD spans from 2004 to 2015. We do not take values before 2004 since GT only
started in January 2004, while we do not take any value after 2015 from the IMD
since there are no values available.

We use Google Trends Index (GTI) as proposed in Böhme et al. [9]1 to to build 3
different types of datasets:

• 1 bidirectional GTI: keyword and country name, e.g., "visa Belgique". See
description for the biGTI_Country_Name.csv below;

• 2 unidirectional GTI: single keyword or country name, e.g., "visa" or "Bel-
gique". See description for both the uniGTI_Country_Name.csv and the
countryGTI_Country_Name.csv below.

To extract the data from GT we use a python script as shown in Figure C.1. The 3
types of input files are:

origin_countries.csv a list of English, French or Spanish speaking countries (101
countries), where the language is spoken by more than 50% of the population;

destination_countries.csv a list of the 36 OECD countries, where migration data
is available or partially available;

keywords.csv a list of 67 keywords related to migration according to Böhme et al.
[9].

For each of these 3 types there are 3 files by language: one in English; one in French;
one in Spanish.

Once we extract the GT data, we transform it into a GTI. The 3 types of output files
are the GTI spanning from January 2004 to January 2015 from one of the origin
countries:

1"the GTI data consists of high-frequency time series capturing the relative search intensities for any
keyword performed through the Google search engine across the globe. The GTI is by far the most
representative data source for online searches worldwide with Google having a market share of more
than 80% on desktop devices. This figure increases to 97% once considering mobile and tablet
device" [9, p. 3]
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biGTI_Country_Name.csv where the GT query is the combination of one of the
keywords with one of the OECD countries; the file is structured by starting
with a row containing the ISO code name of the destination country followed
by 67 rows with 16 columns corresponding to each of the years from 2004 to
2015;

uniGTI_Country_Name.csv where the query is one of the OECD country’s name;
the file is structured as rows of 17 columns, the first column being the used
keyword, and the 16 other columns corresponding to each of the years from
2004 to 2019;

countryGTI_Country_Name.csv where the GT query is one of the keywords. the
file is structured as rows of 17 columns, the first column being the used country
name, and the 16 other columns corresponding to each of the years from 2004
to 2015.

Notice that they are a lots of 0s in the extracted data. This will have to be taken into
account while building our LSTM model.
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ANN Approach: Validation of
Hyper-parameters

D
Figures D.1, D.2, and D.3 present the results of the validation of the different
hyper-parameters for the ANN approach.

Each figure displays the comparison of the different models for a specific variation
of hyper-parameter. A figure is composed of 5 graphics, the first one showing the
loss value and the others showing the values of 4 of the presented metrics (see 4.1)
depending on the value of the tuned hyper-parameter and the number of epochs.

It is important to notice that these metrics are calculated on the standardised output
values (ranged from 0 to 1).
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Fig. D.1.: Results of the validation for the loss function parameter for the ANN approach.
The performance of the model using a CPC loss is not presented because the
values obtained for some metrics were so poor it made the graph difficult to
analyse.
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Fig. D.2.: Results of the validation for the number (depth) and the sizes (width) of hidden
layers for the ANN approach. Model 1: 2 layers of width 50; model 2: 2 layers of
size 200; model 3: 2 layers of size 100; and model 4: 3 layers of size 50.
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Fig. D.3.: Results of the validation for the dropout. Dropout of the different models: 1 -
0.0, 2 - 0.1, 3 - 0.2, 3 - 0.3.
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LSTM Approach: Validation of
Hyper-parameters

E
Figures E.1 and E.2 present the results of the validation of different hyper-parameters
for the LSTM approach.

Each figure displays the comparison of the different models for a specific variation
of hyper-parameter. A figure is composed of 5 graphics, each one showing the
values of one of the presented metrics (see 4.1) depending on the value of the tuned
hyper-parameter and the number of epochs.

71



Fig. E.1.: Results of the validation for the loss function parameter for the LSTM approach.
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Fig. E.2.: Results of the validation of the size (depth) of the unique hidden layer for the
LSTM approach. The loss function used by the different models is the CPC loss.
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