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Chapter 1

Introduction

After a long tradition of emigration until the 1970s, Italy has suddenly turned into
an immigration country initially in 1980s, but more prominently in 1990s.

Even if the phenomenon in Italy is relatively new with respect to other European
countries, it reached the "historical migrants destination" (e.g. Germany, United
Kingdom, France) in the 2015 EUROSTAT ranking.

Number of immigrants, 2015 (thousands)

The first massive migration to Italy goes back to 1991 from Albania, after the
breakdown of the communist regime, when 27.000 migrants arrived in a single day.
Italy had been the main immigration target for Albanians leaving their country, this
may due to the fact that an enclave of Albanians population exists in the South of
Italy since the XV century.
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As of January 1st 2017, immigrants resident in Italy are about 5.144.440 and
represent 8.5% of the total population.

As Italy, Spain has recently experienced large-scale immigration for the first time
in modern history while nowadays, within Europe, it is one of the prefered destination
country for immigrants. The Spanish economic development, particularly since 1986,
when the country entered the European Union, led to a large transformation. From
being a territory of emigrants it became a country of immigration.

The growth rate has intensified since 1996 and especially exponentially since
2000. There are 4.572.807 foreign residents in Spain today, it represents the 9.8% of
the total population.

The aim of this thesis project is to predict the foreigners-born population legal
flow and distribution across Italy and Spain territories from official data, i.e. how a
given foreigner population distributes across Italian regions (or Spanish autonomous
communities) and how additional variables may influence this choice. The reason
for the study is that migration has become a major determinant of demographic
change in the EU. It is one of the five demographic challenges that The Commission’s
Communication of the European Union on The demographic future of Europ)e —
from challenge to opportunity identified. Also, EUROSTAT is focusing on migration
projection between now and 2050.

The analysis focuses on Italy and Spain since it was not possible to find compatible
data from any other EU country. Since it was not possible to retrieve data about
irregular flows, all the data refer to regular immigrants.

The thesis is structured as follows. In the next section, we introduce the data
and carry out some first level analysis based on data visualizations. In Section 3
we explain briefly the models used in the study then, in Section 4, we present the
results of the models applied to the data. Section 5, concludes.
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Chapter 2

Data

In this section, we will present the Italy and Spain dataset. Also, we will show a
descriptive analysis of the two datasets based on the visualizations.

2.1 Italy

The only available data at a regional level we could retrieve are from ISTAT [15].
On ISTAT website it is possible to find some useful information about the yearly
foreigners’ population on January 1st, such as the Italian destination territory,
the foreigners origin countries, the data collection year and the gender. Similar
information is also available for the resident population, i.e. native plus foreigners
population.

The data are collected from 2003 on, but until 2011 the values are not the
results of continuous observation, they are statistical reconstruction between the two
censures of 2001 and 2011.

2.1.1 Data Quality

The ISTAT dataset seems to be the more accurate for the data concerning Italy.
Even though it is a good open data sources, it has some problems. The website is not
user-friendly: the data labels are not always sufficiently explanatory, e.g. resident
population includes the foreigners or is it just about the native? To answer the
question, we needed to read an ISTAT yearly report. The flag legend is not clear, e.g.
what does data not reconstructed with respect to the census population 2011 mean?
The tables structure is not always coherent, the resident population before 2011 is a
separated table with respect to the one after 2011 while the data about foreigners
population are together. Moreover it is not very clear what ISTAT considers as
a country. It includes Palestine and Kosovo as separated countries because they
both are partially recognized states. The two territories also have a cultural and
religious independence with respect to Israel and Serbia. But it does not consider
other partially recognized states like South Ossetia and Abkhazia or autonomous
communities like Kurdistan and Basque Country. From a statistical point of view it
may be more interesting to consider separately all population with their own culture,
language and national identity even if they are not politically recognized.
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ISTAT organizes the Italian territories into the following five zones:

• Center

• Islands

• North East

• North West

• South

Moreover, the zones are divided into regions:

• Abruzzo

• Aosta Valley

• Apulia

• Basilicata

• Calabria

• Campania

• Emilia-Romagna

• Friuli-Venezia Giulia

• Lazio

• Liguria

• Lombardy

• Marches

• Molise

• Piedmont

• Sardinia

• Sicily

• South Tyrol

• Trentino

• Tuscany

• Umbria

• Veneto

Thus, the statistical initial analysis is referred to those territories.

2.1.2 Dataset Distributions

As first, we study the gender distribution over the years, aggregated both on the
destination and the origin territories.
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From this stacked barplot, the distribution across the gender seems to be quite
balanced. Thus, the data will be aggregated for the study.

The aim is now to show the distributions of the foreign-born citizens across the
five Italian zones. They are studied without distinction over the origin country.

Initially, the total foreign-born population is analyzed as follows:

• the absolute value distribution

• the growth distribution

• the growth rate distribution, i.e. valuet−valuet−1
valuet−1

Based on the above figures, even if the growth rate is significantly decreasing,
the immigration is still an increasing phenomenon. Observe that in 2014, the growth
rate is notably reduced. A possible explanation could be that in the same year
(07/10/2014) there was the first agreement[12] between the Italian government, the
regions and local authorities on a national level to face the flow of foreign-born
population.

Furthermore, between 2010 and 2011 there is a significant decrease in the growth
rate. This could be justified by the fact that the data before 2011 is a statistical
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estimation, while from 2011 is an actual continuous observation. Thus, ISTAT may
have overestimated the phenomenon.

While the growth trend is quite similar in the five zones, the absolute value is
not. Three different trends could be distinguished from this analysis:

• North West - initially between 2003 and 2011 the absolute population is higher
than any other region. After 2014 the growth rate seems to stabilize

• North East and Center - for these regions, the absolute population is at similar
levels

• Islands and South - these two zones have attracted less foreign-born population
than the other zones. Although the absolute numbers are different, both zones
experience similar growth trends

2.1.3 Zones by Origin Distributions

In this section, we study the different origin territories at two aggregation levels:

• continent

• country

A plot for each Italian zone is here shown, we perform an aggregation over the
origin continent.
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It is interesting that, even if the continent distributions are similar across the
Italian zones, there are some differences.

Europe is always the continent that contributes the most to the Italy foreigners
flow and the growth rate decreases from 2014 (as aforementioned). The five trends
are quite similar even if with different absolute values, especially in South and
Islands. All the zones report an increase in the 2007-2008 period, mainly remarkable
in South and Islands.

The others continent flow is less important, in terms of absolute value, but the
growth rate is not the same for all the zones: it decreases in Center, North East and
North West and increases in Islands and South (which are in the "third cluster").
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This flow rate consideration holds also for Europe born foreigners.
The flow from Pacific is very similar in all the zones and could be overlooked.

American born population is significant only in North West and Center.

The goal now is to show the distribution of the origin countries that contribute
the most to the Italian foreigners-born population flow.

For each couple Continent-Zone and for all the regions in the particular zone,
the distributions of the top 5 origin countries of the specific continent are shown.

An aggregating plot is also included. It represents the distribution of the top n
countries in the zone. The top n countries covered all the top 5 countries found in
the zone regions.

Africa
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In all of the five zones, Morocco is the country that contributes the most to the total
African-born population flow.

Until 2013, the Morocco’s trend is quite similar, with different absolute values,
in the Italian zones. From 2014 on, the destination territories of the Moroccan
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population seem to be changed. In particular, the growth rate of the zones with a
higher absolute value (Center, North East, North West) is decreasing, while it is
increasing in the other zones Islands and South. Here are the numerical values:

Zone flow2014 flow2017 flow2017 − flow2014
flow2017−flow2014

flow2014

Center 63823 60365 -3458 -0.0542
Islands 18648 19202 554 0.0297
North East 137724 119727 -17997 -0.1307
North West 185718 166432 -19286 -0.1038
South 48860 54925 6065 0.1241

Others notable flows are the once from Tunisia to Sicily and from Egypt to
Lombardy.

America
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The American flow is pretty different in the observed zones.
In Center and North West the countries giving the most to the aggregate flow

are Peru and Ecuador. More in detail, the most common destination regions are
Lazio and Lombardy for both Peruvians and Ecuadorians, then Tuscany and Liguria
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for Peruvians and Ecuadorians respectively. Once again, looking at the plots, it is
possible to say that the absolute values are significantly different: the once from
Peru and Ecuador are about double and quadruple respectively in the North West
with respect to the Center. Both the growth rates start decreasing having negative
values from 2014.

In North East, Islands, and South it is possible to notice that Brazil is the most
common origin country. In North East the growth rate seems to be stable from 2014
on, while in Islands and South it is still increasing.

Asia
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Concerning the Asian-born population flow distributions, the plots show a similar
trend at the zone level. That is: all the countries have a comparable behavior even
if with significantly different scale (in absolute values).
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Here is evident, more than in the others continent flows, that just one or two (in
Center and North East) regions contributes to the aggregate distribution.

The Chinese-born flow is always the highest but in Lazio and Sicily, where the
highest values correspond to the Philippines and Sri Lanka.

Europe
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Romania is the country that contributes the most to the total European-born
population flow. Even if the growth rate seems to decrease, it still has an increasing
trend.
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In regions like Tuscany, Lombardy, Apulia, and Abruzzo the Albanian flow is
remarkable even if from 2014 it looks like to have a negative growth rate.

In Campania, there may be an important Ukrainian community.

Pacific
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It is possible to see that here the scales are very different from the once in the above
plots. As aforementioned, the Pacific flow could be overlooked.

At the end of this section, it is also possible to come up with some comments
about the zone-regions relation.
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Lazio and partially Tuscany represent most of the Center total distribution.

Sardinia’s data could be overlooked with respect to the Sicily once.

Lombardy constitutes almost the entire North West flow. In specific case also
Piedmont and Liguria contribute to the aggregate values.

Emilia-Romagna and Veneto seem to split up all the North East flow.

In South, it is not possible to point out a significant difference between the
regional trends. However, it is shown that Molise and Basilicata may be ignored in
the analysis.

To conclude this analysis, in the following plots, we shown for each of the five
Italian zones the top two countries per continent. Top two countries per continent
represent the two countries, for each continent, contributing the most to the zone
flow.
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These plots seem to confirm what come out from the previous section.
Moreover, it is highlighted the difference between the Romanian flow and all the

other flows.
To conclude that it would be possible to say that these two last sections confirm

what assumed before about the three different behaviors of the five zones.

2.1.4 Additional Features

On the ISTAT website, it is possible to find some interesting features that could be
included in the formulation of a model aim to explain the immigration flow to Italy.

To begin, we perform an initial data filtering. We consider only the economic,
data that are supposed to have a relation with the variable of interest.

Some features can not be used, due to data availability:

• Basic health care only 2004-2013

• Expenditure for interventions and social services only 2013-2014

• Expenditure for the house of families with foreign components only 2009

• Aspect of daily life - Interpersonal Trust only 2010

• Hospitalizations missing from 2003 to 2012 plus 2016 and 2017

• Aspects of daily life - general life degree of satisfaction missing from 2003 to
2009

Some others, due to statistical problems:

• Economic situation opinions ("Famiglie per capacità di arrivare a fine mese" 1):
around 10.4% of data are not statistically significant and 4.6% do not reach the
half of the minimum (ISTAT definition: "Il dato si definisce poco significativo
nel caso in cui corrisponda ad una numerosità campionaria compresa tra 20 e
49 unità" 2.)

1Families by ability to get to the end of the month.
2Data is not very significant if it corresponds to a sample size between 20 and 49 units.
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In order to see the relationship between the Immigrant flow and other additional
features, let’s plot them. The zone level is sufficient to understand the behaviour.
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Let’s see also the "Area" variable which is time-invariant. Here as "Immigrant
Stock" the mean over the years 2005-2015 is considered.
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Some variables like:

• Native population

• Difficulty to reach services (e.g. pharmacy)

• Housing costs

• Net Income

• Social activities

• Unemployment

seem to effec one or more location-specific immigrant flow.

2.2 Spain
Detailed data about the immigrants stock in Spain can be found on the INE (Istituto
Nacional de Estadística) website [14]. Information about the foreigners’ population
by origin country, Spanish province, gender and year are available. More in detail,
data concerning 136 origin territories, 53 destination provinces and 20 years (from
1998 to 2017) are collected.

2.2.1 Data Quality

Similar to ISTAT website, also on the INE one it is possible to access an excellent
and useful database. It is one of the few to provide such disaggregated data, but it
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also has some problems. First of all, it was very hard to meet the dataset: the google
query performed in English didn’t show any interesting results, on the contrary it
was possible to access the entire INE database by typing the same query in Spanish.
Moreover, we met the needed dataset from the Spanish website version, not from
the English one. Another important problem is about the data architecture: data
are not provided in tables but in a text structure, so a challenging preprocessing
was needed.

Based on the INE territories classification, we will consider the following au-
tonomous communities for the project:

• Andalucía

• Aragón

• Canarias

• Cantabria

• Castilla y León

• Castilla-La Mancha

• Cataluña

• Comunidad Foral de Navarra

• Comunidad Valenciana

• Comunidad de Madrid

• Cueta

• Extremadura

• Galicia

• Illes Balears

• La Rioja

• Melilla

• País Vasco

• Principado de Asturias

• Región de Murcia

Follows a statistical analysis of the dataset.

2.2.2 Dataset Distributions

Again, the gender distribution over the years, aggregated both on the destination
and the origin territories, is shown.
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As for the Italy case, also for Spain there is no evident difference between the
male and female immigrants distribution.

Let’s now study the foreigners’ flow over the years and across the 19 considered
destination territories.

As for the Italian case, the absolute value distribution, the growth distribution
and the growth rate distribution are studied.
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It is possible to see that the immigrants flow into Spain could be divided in
different periods:

• 1998-2005: there is a huge increase in foreigners

• 2006-2009: foreigners continue to arrive but in a smaller amount. The decreas-
ing growth may due to the global financial crisis and the restrictive policies of
the European Union

• 2010-2013: immigrants growth is significantly decreasing. A probable case is
the economic crisis and the labor difficulties in Spain

• 2014-2017: the phenomenon is still decreasing, but the growth rate is notably
increasing with respect to the previous 2010-2013 period

Moreover, it is possible to identify 4 "major" destination territories in terms of
the number of immigrants:

• Cataluña

• Comunidad de Madrid

• Comunidad Valenciana

• Andalucía
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It is very interesting to notice that the difference, in terms of the number of
immigrants, between the 4 aforementioned territories and the others is keeping
decreasing over the time period considered.

2.2.3 Autonomous Communities by Origin Distributions

We will now study the flow by autonomous Communities and origin territories.

As first, let’s see the distribution by origin country.

Europe is almost always the continent giving the most to the overall immigrants’
flow.

The trends in the 19 autonomous communities are quite similar (but in Cueta
and Melilla), and reflect what observed in the Spanish foreigners’ flow in the previous
subsection. While trends are comparable the absolute values are very different.
In most of the cases also the flows coming from America and Africa contribute
significantly to the total flow.

Pacific and Asia, but in a few cases, could be overlooked.

Let’s now analyze the distribution by origin country. Because of showing all
the 136 origin countries is not feasible nor interesting for the study, just the top 5
countries, in terms of total amount of immigrants, per continent are studied.
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Morocco’s flow basically explains all the African-born population flow in all the
Spanish territories. The trends are quite similar in the autonomous communities,
while the absolute values are not.

From 2006 a notable decreasing is observed in most of the destinations. In
Extremadura, the decreasing starts in 2010.

In some cases also the flows from Senegal and Algeria are noteworthy.

The American’s countries flow cannot be generalized over the analyzed Spanish
destinations.
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In most of the cases, Colombia or Brazil or both are the "main" flow. For some
autonomous communities also Argentina and Bolivia flow should be considered.

As observed in all the previous analysis, also here it is possible to see an important
decreasing starting from 2006 or 2010, it depends on the origin-destination pair.

China is the country that contributes the most to the total Asian-born population
flow for all the autonomous communities but La Rioja. The China flow has, almost,
a linearly decreasing trend.

Other remarkable flows are the ones from India, Pakistan, and Russia.
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The "main" flow of European immigrants is the one from Romania for most of
the considered destination territories. As before, also this flow starts decreasing
significantly from 2006 on.

Depending on the autonomous communities, there may be other denoting flows,
but they cannot be generalized. In Andalucía, Canarias, Comunidad Valenciana,
Ceuta, Illes Balears and Región de Murcia the United Kingdom flow is relevant. In
other territories, also Germany and Republic of Moldova contribute to the total flow.

As beforementioned, the flow for the Pacific-born population can be left out.

2.2.4 Additional Features

In order to build any model, we need additional features. Some interesting variables
can be found on the INE database.

Follows the plots showing each feature time series compared with the immigrant
flow series.
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Unfortunately from the above plots is not possible to understand very well the
relation between feature and immigrant flow. The only variables that seem to be
interesting are Employed and Birth Rate.
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Chapter 3

Models

In this Chapter, we will introduce the theoretical models used for our prediction aim:
two very naive forecasting methods, a basic linear regression and an econometric
model previously proposed in H. Jayet et al. paper [5].

3.1 Naive Forecasting Methods
As first, two of the most used time-series methods for forecasting are considered:
Simple Moving Average (SMA)[16] and Exponential Smoothing (ES)[17].

3.1.1 Simple Moving Average

SMA is a technique to get an overall idea of the trends in a data set. It is an average
of any subset of numbers. MSA is extremely useful for forecasting long-term trends.

SMAs are calculated by adding values over a given number of periods, then
dividing the sum by the number of periods.

So a m-years SMA is defined by:

Ŷt+1 = Yt + Yt−1 + · · ·+ Yt−m−1
m

(3.1)

Year Actual Forecast Calculation
2003 4
2004 3
2005 2
2006 1.5 3 (4+3+2)/3
2007 1 2.67 (3+2+3)/3
2007 2.55 (2+3+2.67)/3

Table 3.1. 3-years SMA - Example

3.1.2 Exponential Smoothing

Exponential Smoothing is another simple forecasting method. It assigns exponentially
decreasing weights as the observation get older. In other words, recent observations
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are given relatively more weight in forecasting than the older ones. ES is usually a
way of smoothing out the data by removing much of the noise (random effect) from
the data by giving a better forecast.

ES is defined as:

Ŷt+1 = αYt + (1− α)Ŷt = Ŷt + α(Yt + Ŷt), (3.2)

with Ŷ0 = Y0 and α ∈ [0, 1] is the smoothing parameter.
It means that the next forecast is computed by interpolating between the last

value and the forecast that had been made for it.

3.2 Regression Model for Panel Data

A simple regression model is also performed. The general expression is given by:

yi,t = βTxi,t−1 + εi,t, i = 1, . . . , n and t = 1, . . . , T (3.3)

where:

• yi,t is the dependent variable, here is the stock of foreign-born in territory i at
time t

• β is the parameters vector

• xi,t−1 is the independent variables vector, here considered at time t− 1 not t

No unit-specific effect is used in the model, since it is assumed the randomness
depends both on the time and the unit.

3.3 Spatial Error Model

In this section, some attempts to replicate the model specified in the H. Jayet et al.
paper[5] are performed.

The initial model is defined as:

ln(ni,t) = βln(ni,t−1) + αi + γt + ui,t i = 1, . . . , I and t = 1, . . . , T, (3.4)

where:

• ni,t is the stock of foreign-born in territory i at time t

• β is the parameter describing the network effect. The network effect is a
local phenomenon that influences the immigrant choice, that is: foreign-born
population tend to migrate to territories where a community of the same ethnic
already exists

• αi = x′iθ+ηi, x′i is the vector of all the time invariant observable location factors
(feature vector), θ is the vector of coefficients and ηi is a random error term. The
general form of a weights matrix is then: wij ≥ 0, wij = 0 if i = j,

∑n
i=1wij = 1
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• γt measures the fixed time effect

ui,t is the error term. It can be modeled using a Spatial Autoregressive Model, so
that Ut = (ui,t, . . . , uI,t) follows:

ut = ρWut + wt,

where:

• ρ is the autoregressive parameter

• W is a symmetric spatial weights matrix. For ease of interpretation, the weights
matrix is often normalized so that the elements of each row sum up to one.
This ensure all weights are between 0 and 1, moreover each row-normalized
weight can be interpreted as the fraction of all spatial influence on unit i
attributable to unit j

• wt ∼ N(0, σ2I)

The model just defined cannot be estimated using both the time and the location
fixed effects αi and γt. With an increasing sample size, maximum likelihood (ML)
methods are asymptotically consistent, efficient and normally distributed. The ML
estimates’ consistency depends on the assumption that the number of parameters
remains constant as the sample size increases.

Since the number of locations cannot increase, a larger sample in this model
means a longer period. Thus, if the sample size increases, the number of fixed time
effects increases. It is necessary to suppress them to consistently estimate the model.

In a general fixed model

yi,t = βxi,t + αt + ui,t i = 1, . . . , I and t = 1, . . . , T,

it is possible to eliminate the fixed effect γt by:

• fixed random transformation: yi,t − ȳt = β(xi,t − x̄t) + (αt − ᾱ) + (ui,t − ūi,t)

• differencing with respect to a fixed unit: yi,t− yI,t = β(xi,t− xI,t) + (αt−αt) +
(ui,t − uI,t)

Here, the differentiating method with respect to a reference location, I, is used:

ln(ni,t)− ln(nI,t) = β (ln(ni,t−1)− ln(nI,t−1)) + αi − αI + γt − γt + ui,t − uI,t

ln

(
ni,t
nI,t

)
= βln

(
ni,t−1
nI,t−1

)
+ ai + vi,t,

(3.5)
with:

• i = 1, . . . , I − 1 and t = 1, . . . , T

• ai = αi − αI

• vi,t = ui,t − uI,t
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Thus, vt = Qut with vt = (v1,t, . . . , vI−1,t), ut = (u1,t, . . . , uI,t), and Q =
[II−1 − 1I−1], being II−1 an identity matrix of dimension (I − 1xI − 1) and −1I−1
the column vector of dimension (I − 1 with all its element equal to -1.

Since the unobserved effects are correlated with the observed explanatory variable
(i.e. Cov

(
ln
(
ni,t−1
nI,t−1

))
6= 0 ), ordinary least squares estimates are not consistent. To

estimate the model is necessary to use the ML method.
In order to write the ML model, some computations are needed.

ut = ρWut + wt ⇒ ut = (I − ρW )−1 , where wt ∼ N(0, σ2I), so

ut ∼ N
(

0, (I − ρW )−1 σ2
(
I − ρW T

)−1
)

ut = Qut ⇒ vt ∼ N
(

0, Q (I − ρW )−1 σ2
(
I − ρW T

)−1
QT
) (3.6)

Let’s call:

• nt = (n1,t, . . . , nI−1,t)

• nt−1 = (n1,t−1, . . . , nI−1,t−1)

• a = (a1, . . . , aI−1)

then:

ln

(
nt
nI,t

)
= βln

(
nt−1
nI,t−1

)
+ a+ vt, t = 1, . . . , T

so: ln
(
nt
nt

)
∼ N

(
βln

(
nt−1
nt−1

)
+ a,Q (I − ρW )−1 σ2

(
I − ρW T

)−1
QT
) (3.7)

Let’s denote:

• µ = βln
(
nt−1
nI,t−1

)
+ a

• Σ = Q (I − ρW )−1 σ2
(
I − ρW T

)−1
QT

then, it is possible to write the distribution of each vector ln
(
nt
nI,t

)
:

f

(
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(
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= |2πΣ|−1/2exp
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2
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)
⇒ |2πΣ|−1/2 = 2π−
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2 |Σ|−1/2

⇒ |Σ|−1/2 = |Q (I − ρW )−1 σ2
(
I − ρW T

)−1
QT |−1/2

= |σ2Q (I − ρW )−1
(
I − ρW T

)−1
QT |−1/2

= (σ2)−
I−1

2 |Q (I − ρW )−1
(
I − ρW T

)−1
QT |−1/2

= (σ2)−
I−1

2 |L|−1/2

(3.8)
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and Σ−1 = 1
σ2

[
Q (I − ρW )−1 σ2

(
I − ρW T

)−1
QT
]−1

= 1
σ2L

−1

Thus the distribution can be written as:
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(3.9)

Let ln
(
n
nI

)
be a (TxI − 1) matrix whose T rows are

(
ln
(
n1
nI,1

)
, . . . , ln

(
nT
nI,T

))
.

The matrix normal distribution of ln
(
n
nI

)
is defined as follows (it can be com-

puted since the row component are conditionally- to the previous one - independent):
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The log-likelihood is then:
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2 · T · ln(2πσ2)− T

2 ln|L|−

− 1
2σ2

T∑
t=1

(
ln

(
nt
nI,t

)
− µ

)T
L−1

(
ln

(
nt
nI,t

)
− µ

)

∼ −T · ln|L| − 1
σ2

T∑
t=1

(
ln

(
nt
nI,t

)
− µ

)T
L−1

(
ln

(
nt
nI,t

)
− µ

)
,

(3.11)
assuming a unitary variance, it can be written as:
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maximize L

(
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, β, a, ρ
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min T · ln|T |+
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(
ln
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nI,t

)
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)T
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(
ln

(
nt
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(3.13)

Once β̂ and â have been found, it is possible to estimate the coefficients of the
time-invariant features through the formula:

âi = ai + ξi = αi − αI + ξi = (xTi − xTI )θ + εi + ξi,
where εi = ηi − ηI , θ is then estimated by ordinary least squares.
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Chapter 4

Estimation Results

In this Section, we will report the estimation results obtained using the models
introduced in the previous section on the Italy and Spain data. For each method,
we will show the parameter estimates (if any), three different error metrics and a
plot representing the real VS the predicted immigrant flow.

The model are trained using the Python Programming Language. All the code
can be found on the github repositories [18][19]. The selection of the foreigners’
nationalities included in the study is based on the distribution analysis performed in
the chapter ??. The selected origin countries are:

• Germany

• Morocco

• Peru

• Poland

• Romania

The four countries Morocco, Peru, Poland and Romania are chosen because they
have a relevant migrant flow both to Italy and Spain. Germany is considered as
a "control country", in the sense that the location motivation will be different for
obvious reasons.

4.1 Italy

In order to compare the four models, the time period 2005-2016 is considered.

4.1.1 Simple Moving Average

Here, for each of the five territories, a three-years SMA is used to forecast the last
three years.

In order to understand the goodness of the method:

• a plot for each zone representing the real VS the forecasted value is included
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• three different metrics are computed: Mean Absolute Error, Mean Squared
Error, Root Mean Squares Error. The values shown in the table are the mean
over the considered territories
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Country MAE MSE RMSE
Germany 380.1 2.652e+05 515
Morocco 9959 1.426e+08 1.194e+04
Peru 4673 5.655e+07 7520
Poland 1774 4.199e+06 2049
Romania 7.494e+04 6.547e+09 8.092e+04

As it is possible to see from both the errors and the plots, this method seems to
be too naïve to be able to predict the immigrant stock value.

4.1.2 Exponential Smoothing

The Exponential Smoothing is then used on multiple smoothing parameters: 0.5, 0.65, 0.8, and 0.95.
Again the three metrics are performed and the real VS forecasted plots shown.
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Metric α Germany Morocco Peru Poland Romania
MAE 0.5 513 6.68e+03 1.99e+03 2.6e+03 3.3e+04

0.65 465 5.99e+03 1.65e+03 2.29e+03 2.8e+04
0.8 424 5.55e+03 1.47e+03 2.02e+03 2.47e+04
0.95 400 5.21e+03 1.39e+03 1.85e+03 2.22e+04

MSE 0.5 5.14e+05 8.29e+07 1.13e+07 1.22e+07 1.83e+09
0.65 4.61e+05 6.28e+07 7.95e+06 9.89e+06 1.34e+09
0.8 4.3e+05 5.17e+07 6.21e+06 8.45e+06 1.07e+09
0.95 4.15e+05 4.51e+07 5.22e+06 7.53e+06 8.95e+08

RMSE 0.5 717 9.11e+03 3.37e+03 3.49e+03 4.27e+04
0.65 679 7.93e+03 2.82e+03 3.14e+03 3.66e+04
0.8 656 7.19e+03 2.49e+03 2.91e+03 3.26e+04
0.95 644 6.72e+03 2.28e+03 2.74e+03 2.99e+04

The Exponential Smoothig leads to better results than the SMA. As it is possible
to see, the choice of the smoothing parameter influences the performance of the
method: the greater the weight to recent values, the best the ES.

4.1.3 Regression Model for Panel Data

For each origin country, multiples regression models are trained using different
independent variables:

• only the previous time stock

• the previous two times stock

• the previous three times stock



52 4. Estimation Results

• a set of 3, 5, 7, 10, 15 variables selected through the Mutual information
criterion. MI between two random variables is a non-negative value, which
measures the dependency between the variables. It quantifies the amount
of information obtained about one random variable, through the other ran-
dom variable. In the case of continuos random variables, it is defined as:
MI(X,Y ) =

∫
Y

∫
X p(x, y)log

(
p(x,y)
p(x)p(y)

)
dx dy. Where p(x, y) is the joint prob-

ability density function of X and Y , and p(x) and p(y) are the marginal
probability density function of X and Y respectively.

• the previous two times stock plus a set of seven features selected manually by
looking at the plots

Each model is then trained on the period 2005-2013 and tested on the period
2014-2016.

Following the real VS predicted plots and tables including both the estimated
parameters and the test errors.
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Table 4.1. Regression Results Germany
In
de

p.
Va

r
I

II
II
I

IV
V

V
I

V
II

V
II
I

IX
y t
−

1
1

1.
11

0.
79

0.
72

8
0.
79

0.
79

1
0.
76

7
0.
72

0.
37

3
y t
−

2
-0
.1
08

1.
91

0.
24

1
1.
91

1.
91

1.
78

1.
88

1.
31

y t
−

3
-1
.7
6

-1
.7
6

-1
.7
9

-1
.6
5

-1
.7
1

-0
.6
43

N
at
iv
e
po

pu
la
tio

n
-T

ot
al

0.
00

07
0.
00

01
0.
00

02
0.
00

03
-0
.0
01

1
Fr
ee

ac
tiv

iti
es

in
vo

lu
nt
ar
y
as
so
ci
a-

tio
ns

-0
.9
62

-2
.6
6

2.
62

M
ee
tin

gs
in

cu
ltu

ra
l,
re
cr
ea
tio

na
lo

r
ot
he

r
as
so
ci
at
io
ns

-0
.9
21

D
isp

os
ab

le
In
co
m
e

-0
.3
24

-1
.2

Av
er
ag

e
m
on

th
ly

ex
pe

nd
itu

re
fo
r

ho
us
in
g

68
.1

U
ne

m
pl
oy
m
en
t
-T

ot
al

-2
.8
9

R
ea
ch

D
iffi

cu
lty

-E
m
er
ge
nc

y
ro
om

-1
.1
7

R
ea
ch

D
iffi

cu
lty

-P
os
t
offi

ce
s

-0
.5
19

-2
.9
3

-2
.6
4

1.
57

In
te
rn
al

M
ig
ra
tio

n
-F

or
ei
gn

co
un

tr
y

-0
.0
04

1
0.
00

88
0.
01

1
R
ea
ch

D
iffi

cu
lty

-P
ha

rm
ac
y

2.
54

2.
48

-3
.7
7

R
ea
ch

D
iffi

cu
lty

-M
un

ic
ip
al

offi
ce
s

-0
.7
23

1.
9

Pa
y
m
on

ey
to

an
as
so
ci
at
io
n

0.
71

4
-1
.9
1

R
ea
ch

D
iffi

cu
lty

-S
up

er
m
ar
ke
t

-3
.2
7

B
or
n
al
iv
e

0.
23

5
A
cc
om

m
od

at
io
n

an
d

ca
te
rin

g
se
r-

vi
ce
s

1.
86

N
on

fo
od

-0
.0
78

7
M
A
E

31
6

32
1

1.
54

e+
03

79
4

1.
54

e+
03

1.
53

e+
03

1.
4e
+
03

1.
63

e+
03

3.
18

e+
03

M
SE

1.
87

e+
05

1.
99

e+
05

6.
16

e+
06

8.
92

e+
05

6.
16

e+
06

6.
07

e+
06

5.
27

e+
06

6.
18

e+
06

1.
15

e+
07

R
M
SE

43
3

44
6

2.
48

e+
03

94
4

2.
48

e+
03

2.
46

e+
03

2.
3e
+
03

2.
49

e+
03

3.
39

e+
03



54 4. Estimation Results

From both the figures and the errors it is possible to say that the variables
influencing the most the models are the previous time variables (yt−1 and yt−2).
While yt−1 has always a positive influence, yt−2 have higher coefficients in most of
the nine models, even if it does not influence the outcome in the same way for all
the model (in the second one it has a slightly negative coefficient).

On the other hand, the Native Population, as well as the Internal Migration,
does not seem to be discriminant at all or in the analysis.
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As for Germany, even for Morocco, the previous time stocks are quite important.
Here, the most influent between the three time variables is yt−1, while yt−2 and yt−3
lose importance.

The variables that seem to affect the most (in terms of absolute coefficients) are
Free activities in voluntary associations and Meetings in cultural, recreational or
other associations. Even if the two variables have high coefficients, they are not
influencing, in the same way, the models, i.e. the coefficients have a different sign in
the nine models.
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Also in Peru, most of the dependent variable can be explained just by looking at
the previous time variables. Reach Difficulty variables, as for Germany, influences
negatively a lot the outcome.
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Table 4.4. Regression Results Poland
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As for Germany, the models including just the first two time varibles are better
than the other ones with additional features. In Poland, the yt−3 variable has always
a negative effect on the actual stock.

Reach Difficulty variables still have a large impact on the outcome variable,
having high overall negative coefficients.
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Table 4.5. Regression Results Romania
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Also in Romania, the coefficients of yt−3 are negative and yt−1 is the variable
that explains, on its self, most of the dependent variable.

4.1.4 Spatial Error Model

As for the regression model, years 2005-2013 are used for training, 2014-2016 for
testing.

To implement the model, it necessary to build a spatial weights matrix W . To
do that, useful information are available on the ISTAT website.

ISTAT releases the origin-destination matrices of distances in meters and travel
times (in minutes) between all Italian municipalities. The matrices are grouped by
Region. The files are provided in text format and all Italian municipalities. The
islands are treated separately. The matrices of Sicily and Sardinia contain only the
between-region distances (the distances only of the municipalities of the regions). In
a separate excel file are available the distances for the main ports that connect the
islands with respect to Peninsular Italy. This allows you to add the travel time by
ship to the routes calculated from the main ports of connection to the islands.

There are some problems with the different tables:

• the column names are not always the same

• column are index may be inverted: for all the regions but Lombardy the
region-provinces are in the "Destination" column and the other provinces in
the "Origin" column. In the Lombardy table the two data are inverted (thus,
the need to transpose the matrix)

• it was not possible to find the Sicily and Sardinia ports distances
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To compute the distances between Sicily-Sardinia and the other Italian regions,
it is possible to manually detect (GoogleMaps) some useful distances between the
main ports and compute the distances as the sum of multiple component.

In particular:

• from Sicily:{
d(O, Trapani) + d(Trapani, Cagliari) + d(Cagliari, D), D in Sardinia
d(O, Messina) + d(Messina, Villa San Giovanni) + d(Villa San Giovanni, D), otherwise

• from Sardinia:d(O, Cagliari) + d(Cagliari, Trapani) + d(Trapani, D), D in Sicily
min

(
d(Messina), d(Livorno), d(Civitavecchia)

)
, otherwise

where

• O and D stay for origin and destination

• d(Messina) = d(origin, Cagliari)+d(Cagliari, Trapani)+d(Trapani, Messina)+d(Messina, Villa San Giovanni)+
d(Villa San Giovanni, destination)

• d(Livorno) = d(origin, Olbia) + d(Olbia, Livorno) + d(Livorno, destination)

• d(Civitavecchia) = d(origin, Olbia) + d(Olbia, Civitavecchia) + d(Civitavecchia, destination)

The regions distance matrix is computed as the mean distance between all the
province pairs belonging to the two regions considered.

The zones distance matrix is obtained by taking the mean distance between all
the regions pairs belonging to the two zones considered.

As spatial weights the inverse of the squared of the distances are used. The
result matrix W is a symmetric, non-negative matrix with wij ≥ 0 and wii = 0.

The row-normalized W is used for ease of interpretation. It is defined as∑n
j=1wij = 1 ∀i = 1, . . . , n. This ensure that all weights are between 0 and 1.

Each row-normalized weight, wij , can be interpreted as the fraction of all spatial
influence on unit i attributable to unit j.

The model specified is used to predict the immigrant stock at Italian zones level.
Same features, times period and origin countries used in the previous regression
model are considered.

All the features are assumed to be time invariant, thus as reference period the
2013 is considered.

The model also requires a reference territory, the estimation of the Italy stock at
the current time is used.

The prediction of the overall Italian flow is obtained through ridge regression
models whose independent variables are chosen using an automatic feature selection
based on mutual information. Follows the results and the plot of the prediction.
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Once the flow of the referred territory is estimated, for each country different
models are trained using different examples: from 1 to 7 independent variables
selected using MI criterion.

Country β ρ

Germany 0.981500 7.035800
Morocco 0.814100 7.041200
Peru 0.513300 7.023900
Poland 0.857800 7.032500
Romania 0.926300 6.865800

The table reports the results of the first stage of the model for the five origin
countries, i.e. the network effect β and the spatial autocorrelation coefficient ρ.

The presence of spatial autocorrelation seems to be confirmed by positive coeffi-
cients.

The estimated network effect β is also positive for all the specific nationalities.
It is reasonably high, ranging from 0.98 (Germany) to 0.51 (Peru).

As result from the first stage also the fixed effects are obtained. They represent
the attractiveness of the zone discarding the network effect, the five measures are
considered with respect to the reference territory Italy. The fixed effects are shown
in the first column of the following results tables.
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Table 4.6. H. Jayet et al. paper Results Germany
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Table 4.7. H. Jayet et al. paper Results Morocco
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Table 4.8. H. Jayet et al. paper Results Peru
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Table 4.9. H. Jayet et al. paper Results Poland
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Table 4.10. H. Jayet et al. paper Results Romania
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Looking at the tables and the figures it is possible to say that decomposing the
fixed location effects into observable location factors is not really improving the
estimation. It is not helping in terms of interpretation either.

Moreover, in general Islands, is the less attractive zone while North West, North
East and Center are the more ones. This is true for all the origin nationalities but
Romania, where there is not a clear difference between the five zones fixed effect.

4.2 Spain

For Spain, the period 2003-2016 is studied. Same procedures used for Italy are
applied here.

4.2.1 Simple Moving Average

Country MAE MSE RMSE
Germany 3014 2.839e+07 5328
Morocco 1.815e+04 1.042e+09 3.228e+04
Peru 3279 5.646e+07 7514
Poland 2152 1.618e+07 4023
Romania 2.205e+04 1.437e+09 3.79e+04
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Also for the Spanish case, SMA is not able to forecast the immigrant stock values
over the autonomous communities.

4.2.2 Exponential Smoothig
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Metric α Germany Morocco Peru Poland Romania
MAE 0.5 840 4.83e+03 962 633 6.8e+03

0.65 716 3.88e+03 788 505 5.32e+03
0.8 632 3.24e+03 662 419 4.35e+03
0.95 574 2.78e+03 568 357 3.67e+03

MSE 0.5 2.93e+06 8.29e+07 5.32e+06 1.69e+06 1.67e+08
0.65 1.66e+06 3.78e+07 2.65e+06 8.11e+05 7.48e+07
0.8 1.659e+06 3.78e+07 2.65e+06 8.11e+05 7.48e+07
0.95 1.41e+06 2.84e+07 2.04e+06 6.15e+05 5.59e+07

RMSE 0.5 1.71e+03 9.11e+03 2.31e+03 1.3e+03 1.29e+04
0.65 1.45e+03 7.33e+03 1.9e+03 1.06e+03 1.03e+04
0.8 1.29e+03 6.15e+03 1.63e+03 901 8.65e+03
0.95 1.19e+03 5.33e+03 1.43e+03 784 7.47e+03

Similar results to the ones obtained for Italy are achieved for Spain: ES performs
much better than SMA and the value at the previous time (t− 1) is more important
than the ones before it (1, . . . , t− 2).

4.2.3 Regression Model for Panel Data

Here, the folling models are implemented:

• only the previous time stock

• the previous two times stock

• the previous three times stock

• a set of 3, 5, 7, 9, 11 variables selected through the Mutual information
criterion.

For each origin country, the time period 2003-2013 is used for training and
2014-2016 for testing.
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It seems that all the flow of Germany-born immigrants could be explained by
looking at the flows of the previous two years. Considering only the variable yt−1 is
not enough, i.e. there a remarkable difference, in terms of error, between the first
model and all the others.

An interesting result is that both yt−2 and yt−3 have a slightly negative effect in
every model they are considered in, while the coefficient of yt−1 is always positive.

Other variables such as Mortality Rate, Birth Rate and Fertility Rate have very
high coefficients, their presence in the models does not improve the performances.
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Similiar observations can be done for Morocco.
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Table 4.12. Regression Results Morocco
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Table 4.13. Regression Results Peru
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Also for Peru, the same results hold true. The only significant difference is that
as before yt−2 coefficients are negatives whereas yt−3 values are slightly positives.
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Table 4.14. Regression Results Poland
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As for Peru, even for Poland, the difference in terms of coefficients between yt−1
and yt−2 and yt−3 is quite important.

Here is also evident the difference between the first model including just yt−1
and all the others.



4.2 Spain 87

Table 4.15. Regression Results Romania
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Same observations done on Poland can be made for Romania.

4.2.4 Spatial Error Model

The same process followed for Italy is here used for Spain.
Thus, as first the spatial weights matrix is needed. Since it is not possible to

access this information from the INE website, the matrix is manually built using
GoogleMaps.
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2013 is again used as refered period for the time invariant independent variables.
Follows the plot of the estimated Spanish overall flow.

Again, the model is now trained using from 1 to 7 independent variables and the
Spain as reference territory.

Country β ρ

Germany 0.956700 -0.258700
Morocco 0.970700 -0.138900
Peru 0.850600 -0.642600
Poland 0.888700 -0.377100
Romania 0.888600 -0.287800

As before from the first stage it is possible to get the estimated network effect
and spatial autoregressive coefficient. The β values are very similar: positive and
fairly high (from 0.97 of Morocco to 0.85 of Peru) for all the five origin countries.
The ρ parameter instead is always negative.
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Table 4.16. H. Jayet et al. paper Results Germany
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Table 4.17. H. Jayet et al. paper Results Morocco
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Table 4.18. H. Jayet et al. paper Results Peru
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Table 4.19. H. Jayet et al. paper Results Poland
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Same results obtained for Italy hold true also for Spain: most of the dependent
variable can be explained by considering just the network effect and the location
fixed effects. The observable location factors obtained from the second stage of the
method are almost everywhere around 0 and they are not improving the results.

Andalucía, Cataluña and Comunidad de Madrid can be considered the most
attractive autonomous commmunities for the immigrant nationalities considered,
while Cueta and Melilla the less ones.
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Table 4.20. H. Jayet et al. paper Results Romania
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Chapter 5

Conclusion

To better understand the behavior of the methods used and to compare them, let’s
see the prediction error values within each selected nationalities over the different
models adopted.

5.1 Italy

Figure 5.1. Error Study - Germany
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Figure 5.2. Error Study - Morocco

Figure 5.3. Error Study - Peru



5.1 Italy 101

Figure 5.4. Error Study - Poland

Figure 5.5. Error Study - Romania
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5.2 Spain

Figure 5.6. Error Study - Germany
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Figure 5.7. Error Study - Morocco

Figure 5.8. Error Study - Peru
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Figure 5.9. Error Study - Poland

Figure 5.10. Error Study - Romania

The conclusions are the same for both the country Italy and Spain.
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From the previous section, it is possible to say that adding features or using
more sophisticated models does not improve significantly the performance in terms
of prediction nor in terms of interpretation.

In particular:

• In the regression model, increase the number of features does not imply a
notable decrease of the model error. In some cases, like Cueta and Melilla,
adding independent variables worsen the prediction for all the origin countries
but Morocco.

• As aforementioned, decomposing the fixed location effects into observable
location factors is not really improving the estimation. In many cases, e.g.
from Morocco to Italy, from Peru to Spain and from Romania to Spain, the
output of the first stage model performs better than the one of the second
stage. Just in the case Germany-Spain the second stage seems to be relevant.

• For the following origin-destination pairs there is no real difference between
simple regression and the Jayet model, the errors of the two are almost
equivalent: Peru-Italy, Poland-Italy, Peru-Spain, Poland-Spain, Romania-
Spain.

• The regression outperform the Jayet model in the Germany-Spain case.

The study seems to emphasize the fact that most of the migration flow can
be captured only by the network effect. So it can be identified by the number of
previous arrivals in the same location.

Andrea Vandambrini. The attractiveness represented by Europe and the West is
now carried directly through the internet. There is a well-established narrative of the
migrant who succeeded, and that sends selfies to friends - perhaps near a monument
to a European city, or a luxury car pretending to be the owner - posting them on
social media.. Il Fatto Quotidiano, 4 July 2018. 1

To conclude, we propose two major future topics to extend the present work.
First, reproduce the study with data about illegal immigrant flow for both Italy and
Spain. Second, analyze separately the migrants based on instruction level, age range,
and gender.

1L’attrattiva rappresentata dall’Europa e l’Occidente è ormai veicolata in modo diretto attraverso
internet. Esiste una ben consolidata narrativa del migrante che ce l’ha fatta, e che invia selfie agli
amici – magari vicino a un monumento di una città europea, o a una macchina di lusso che finge sia
la sua – postandoli sui social. [11]
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