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1. Integrated dataset of migration flows between European countries  
 
This sec-on presents the methodology behind the es-ma-on of educa-onal a<ainment 
composi-on of interna-onal migrants, and the bilateral migra-on flow dataset between European 
countries, categorized by age group, sex and educa-onal a<ainment. Bilateral migra-on flows by 
age group and sex were es-mated in Deliverable 2.2. 
 
Our methodology aims to es-mate the age and educa-on composi-on of immigra-on and 
emigra-on flows globally. In this deliverable, we apply the educa-on propor-on within each age 
group and sex to the migra-on flows between European countries es-mated in Deliverable 2.2.  
 

1.1 Data  
 
To predict the age and educa-onal composi-on of immigra-on flows, we collected census samples 
from the Integrated Public Use Microdata Series Interna-onal database (IPUMS, Ruggles et al. 
2025). The age and educa-on propor-ons of immigrant flows were calculated using 142 census 
samples from 73 countries. The propor-ons were calculated by dividing the size of each age-sex-
educa-on immigra-on flow by the total sex-specific immigra-on flow. Hence, the two sets of sex-
specific propor-ons sum up to 1 for each country-year set of observa-ons. Censuses with fewer 
than 100 observed immigrants or those with no observa-ons in more than 20 age-educa-on pairs 
in each set of sex-specific propor-ons were removed from the dataset.  
 

1.2 Methodology 
 
The age and educa-on composi-on of bilateral migra-on flows are es-mated in four steps as listed 
below.  
 

1. Rogers-Castro migra-on age schedules for age smoothing 
2. Super learning model for es-ma-ng educa-on composi-on of immigrants 
3. Es-ma-ng emigra-on educa-on propor-ons 
4. Itera-ve Propor-onal FiWng (IPF) for es-ma-ng bilateral migra-on educa-on propor-ons 

 
In the first step, the Rogers Castro (RC) migra-on models are used to smooth the age pa<erns in 
the immigra-on propor-ons derived from the IPUMS Interna-onal database for each educa-on 
group (Rogers and Castro 1981). We use a seven-parameter Rogers Castro model migra-on 
schedule, which includes pre-working and working age components as shown in in Equa-on 1:  
 
𝑚(𝑥) = 𝑎! exp(𝛼!𝑥) + 𝑎" exp,−𝛼"(𝑥 − 𝜇") − 𝑒𝑥𝑝,−𝜆"(𝑥 − 𝜇")22 + 𝑐     (1) 
 
Where 𝑚(𝑥) is the age-specific migra-on rate, 𝑥 is age, 𝑎! and 𝑎" represent the peaks of migra-on 
rates, 𝛼!, 𝛼" and 𝜆" represent the shape of the components (rate of change), 𝜇" is the peak at 
labour force and c is the baseline level of migra-on. The R package, rcbayes is employed in the 
es-ma-on of Rogers Castro age schedules in a probabilis-c way (Yeung, Alexander, and Riffe 2022). 
 
In the second step, the es-mates from the first step and the predictor variables are used to build a 
Super Learner (SL) model. Super learning, also known as stacked generalisa-on, is an ensemble 
machine learning approach that combines mul-ple machine learning models (also interchangeably 
referred to as algorithms and learners) or the same model with different specialisa-ons (Naimi and 
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Balzer 2018; Van Der Laan, Polley, and Hubbard 2007). Super learning u-lises k-fold cross-
valida-on to generate predic-ons from candidate (base) learners, which are then used as inputs to 
a meta-learner model that combines their predic-ons. The final predic-ons are the weighted 
combina-on of predic-ons (coefficients of the meta-learner listed in Table 1) from the selected 
base learners. Our Super Learner model u-lizes eight different ini-al Random Forest (RF) learners 
listed in Table 1, and is used to make predic-ons for the missing countries and years. The ini-al RF 
learners use different mtry values which define the number of variables that can be chosen within 
each node of the model, and have been found to have the most significant influence on predic-ve 
performance. The higher the mtry value, the more chances that a tree can find a more useful 
variable, while low mtry values create less correlated trees. 
 
Table 1 Base learners  

Learner Specifica6on Meta learner 
coefficients for 
immigra6on  

Ranger Fast(er) random forests with default mtry = 6 0.000 
Ranger autotune Automa:cally tuned Fast(er) random forests 0.089 

Ranger10 Fast(er) random forests with mtry = 10 0.000 
Ranger15 Fast(er) random forests with mtry = 15 0.415 

Ranger20 Fast(er) random forests with mtry = 20 0.415 
Ranger25 Fast(er) random forests with mtry = 25 0.000 

Ranger30 Fast(er) random forests with mtry = 30 0.081 
Ranger35 Fast(er) random forests with mtry =  35  0.000 

 
The response variable of the SL algorithm is the log of the propor-on of the immigrant stock at 
each age and educa-on group within the total migrants in a country, categorised by five-year 
periods and separately for each gender. The last age group is an open-ended age group 75 years 
and older. The con-nuous predictor variables listed in Table 2 were standardised to have a mean of 
0 and a standard devia-on of 1, and the categorical predictor variables were one-hot encoded (the 
levels of categorical predictors were converted to a set of binary indicators without dropping any 
levels, similar to dummy variables). 
 
In the third step, educa-on composi-on of emigra-on flows within Europe are es-mated using the 
informa-on from the immigra-on flows following Yildiz and Abel (2023). It is assumed that the 
educa-on distribu-on of emigrant flows are similar to the characteris-cs of all within-Europe 
immigrants except the immigrants in des-na-on country for which the characteris-cs of 
immigrants are already predicted using the SL model. Since we are interested in within-Europe 
migra-on, the total immigra-on and emigra-on flows for males and females, at each five-year 
period, age group and educa-onal a<ainment need to match at the European level. The aim of this 
step is to bring the educa-on disaggrega-on to the emigra-on flows by country, year, age and sex 
from Deliverable 2.2 while ensuring this consistency at the European level. To achieve this aim, we 
follow a two-step approach.  
 
For each origin country C we assume that the emigra-on rate to the rest of Europe in year y, for 
sex s, age a and educa-on e,	𝑚#,%,&,',(

	 , is propor-onal to the average immigra-on rate to all other 
European countries, which is the sum of the immigra-on flows 𝑉#,*,&,',(, into all other European 
countries c,  by year y sex 𝑠, age group 𝑎,	 and educa-on 𝑒, divided by the popula-on 𝑁#,*,&,',(  of 
all other European countries, as shown in Equa-on 2: 
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𝑚#,%,&,',(
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#*+

          (2) 

 
Emigra-on flows by year y, country C, sex s, age a and educa-on e, calculated as 𝑚#,%,&,',(

	 ∙
𝑁#,%,&,',(, are adjusted to match emigra-on flows by year, country and sex in Deliverable 2.2. 
 
In the final step, the educa-onal composi-on of bilateral migra-on flows was es-mated using the 
itera-ve propor-onal fiWng algorithm (Raymer, de Beer, and van der Erf 2011) applied to 
immigra-on and emigra-on flows by age, sex, and educa-on across European countries. For each 
five-year period and educa-on level, the final model u-lized the marginal totals of Origin-Age-Sex, 
Des-na-on-Age-Sex, Origin-Age, Des-na-on-Age, Origin-Sex, Age-Sex, and Des-na-on-Sex to 
ensure consistency across origin and des-na-on flows by demographic and educa-onal categories. 
Figure 1 displays the resul-ng es-mates of bilateral migra-on flows in 2015, by our five categories 
of educa-onal a<ainment. 
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Table 2 Predictor variables 

Predictor variables Source 
Period IPUMS 
Sex IPUMS 
Age group IPUMS 
Educa>on IPUMS 
Migra>on interval IPUMS 
Popula>on size by age group, educa>on and sex  WIC 
Popula>on by previous age group, educa>on and sex  WIC 
Popula>on by previous age group, educa>on and sex  WIC 
Propor>on of the popula>on by age group, educa>on and sex  WIC 
Propor>on of the popula>on by previous age group, educa>on and sex  WIC 
Propor>on of the popula>on by next age group, educa>on and sex  WIC 
Total popula>on WIC 
Immigrant stock UN 
Size of the emigrant popula>on UN 
GINI Gap Minder 
Sex ra>o UN WPP 
Sex ra>o at birth UN WPP 
Life expectancy at birth by sex UN WPP 
Life expectancy at age 80 by sex UN WPP 
Popula>on density  UN WPP 
Median age  UN WPP 
Rate of natural change  UN WPP 
Popula>on growth rate  UN WPP 
Births to 15-19 year old mothers  UN WPP 
Crude birth rate  UN WPP 
Total fer>lity rate UN WPP 
Mean age at childbearing UN WPP 
Crude death rate UN WPP 
Infant mortality rate UN WPP 
Under-five mortality rate UN WPP 
Net number of migrants UN WPP 
Net migra>on rate UN WPP 
Human Development Index   UNDP 
Gross Na>onal Income per Capita  UNDP 
Adolescent birth rate UNDP 
Carbon dioxide emissions per capita (produc>on) UNDP 
Expected years of schooling UNDP 
World region IPUMS 
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Figure 1: Bilateral migra-on flows by educa-onal a<ainment in 2015. 

 



 6 

 



 7 

 
 
 
  



 8 

2 Migra(on flows within European countries 
 
2.1 Introduc?on 
 
In this chapter a method will be presented to include level of educa-on into the es-mates of net 
interregional migra-on by gender and age, using par-al available informa-on from various 
interna-onal sta-s-cal sources. This method is based on demographic accoun-ng principles and 
essen-ally starts with the balancing equa-on to arrive at net migra-on for a given region:  
 
𝑁.,./0 = 𝑃./0 − 𝑃. −	𝐵.,./0 + 𝐷.,./0        (3) 
 
Where 𝑁.,./0 is net migra-on between t and t+5, 𝑃. is the popula-on at -me t, and  𝐵.,./0  and 
𝐷.,./0 are births and deaths between t and t+5. A model will be presented that works as well for 
es-mates of the period 2010-2020 and for projec-ons 2020-2040 (where the period 2020-2025 is 
a projected period, since there is not yet sufficient informa-on for the whole period to make 
es-mates).  
 
Several elements of the model complicate the straighjorward applica-on of the balancing 
equa-on. The popula-on is defined by age-, gender, and educa-onal a<ainment. Moreover, 
educa-onal a<ainment is a dynamic factor, governed by educa-onal transi-on parameters.  
 
In the following sec-ons, these complica-ons are built into the balancing equa-on to arrive at a 
model of net migra-on by region, level of educa-on, gender and age. In the next sec-on the 
overall model structure is presented. Next, never mind the complica-ons just men-oned, the basis 
of the balancing equa-on approach is to have es-mates of the regional NUTS3 popula-on by level 
of educa-on, gender and age, which is not available for most countries in Europe. Sec-on 2.3 
explains in more detail how these data are es-mated.  
 
2.2 Model structure 
 
The approach at the regional level in this project is to combine various known data sources into 
one integrated database, of es-mates of popula-on and regional migra-on by NUTS3 region, age, 
gender, and level of educa-on, for the periods 2010- 2015 and 2015-2020. The method will be 
explained below based on the available informa-on for the period 2010-2020.  
 
For the period 2010-2020 we use the following data sources:  
 
At the na-onal level, from Wi<genstein Centre for Demography and Global Human Capital (WIC): 

• Popula-on by age (5 year categories 0, 5, .., 85+), gender and level of educa-on for 2010, 
2015 and 2020  
 

At the regional (NUTS3) level, from Eurostat (and harmonized by the European Commission’s Joint 
Research Centre JRC):   

• Popula-on by age (5 year age categories) and gender 2010, 2015, 2020 
• Total births 2010-2019, further divided into births by gender using gender ra-o’s at birth 
• Total deaths by age and gender 2010-2019. Harmonized data from JRC are only available by 

age, not gender. Eurostat has data by age and gender, but only since 2013. We use the 
gender shares of the Eurostat data for the total deaths as given by JRC.   
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As will be explained below, the available data does not cover informa-on on level of educa-on by 
NUTS3 region. We will use a predic-ve (logit) model, with exogenous regional characteris-cs to fill 
this informa-on gap (see sec-on 2.3).  
 
2.2.1 Balancing equa?on by age and gender 
 
Adding age and gender dimensions to the balancing equa-on (3) gives the following equa-on 
(which is called the forward survival method to es-mate net migra-on,see Rowland (2003):  
 
𝑁&,',.,./0 = 𝑃&,'/0,./0 − 𝑃&,',. + 𝐷&,',.,./0        (4) 
 
For all ages a = 0, 5, 10,.. 80 (where a= 0 means age group 0-4, etc.).  
 
 
𝑁&,',.,./0 is the number of net migrants between t and t+5, who are in the age group 0-5 at -me t; 
similarly for deaths 𝐷&,',.,./0, for all ages 0, 5,.., 85+.  For a = 0 we have:  
 
𝑁&,1,.,./0 = 𝑃&,1,./0 −	𝐵&,.,./0 + 𝐷&,1,.,./0        (5) 
 
For the highest open-ended age-group we have:  
 
𝑁&,20/,.,./0 = 𝑃&,20/,./0 − 𝑃&,20/,. − 𝑃&,21,,. + 𝐷&,21,.,./0+𝐷&,20/,.,./0    (6) 
 
The balancing equa-on (3), when expressed in vector formula-on, takes these dimensions into 
account:  
 
𝐍.,./0 = 𝐏./0 − 𝐏. − 𝐁.,./0 + 𝐃.,./0        (7) 
 
Where N, P, B and D are appropriately sized vectors of all age and gender combina-ons.  
 
2.2.2 Adding level of educa?on to the balancing equa?on 
 
We use three levels of educa-on: low, middle and high (see Box 1 for details). The WIC approach 
for projec-ng level of educa-on uses a cohort based approach, where for each birth cohort an age 
profile and an upper educa-onal a<ainment level is assumed, based on the observed age profile 
and upper educa-onal a<ainment levels of previous cohorts. The upper educa-onal a<ainment 
levels are reached at age 30, and the age path starts at age 15 where a transi-on is made from no 
educa-on (ages 0-14) to higher educa-onal levels.  
Here a different approach is taken but based on the educa-onal a<ainment levels as given by WIC, 
for each age- and gender combina-on for each point in -me (2010 up to 2040, although WIC 
makes projec-ons up to 2100 for all countries in the world). We explicitly model transi-ons 
between educa-onal levels by age and gender, whereas in the WIC approach these transi-ons 
remain implicit in the development of the cumula-ve educa-onal achievement propor-ons by 
age. We use the transi-on approach since educa-onal transi-ons and migra-on transi-ons 
interact, which we make explicit in the current approach.  
 
Transi-ons between educa-onal categories take place between the age categories 10-15 to 15-20, 
15-20 to 20-25, 20-25 to 25-30, and 25-30 to 30-35. Beyond 35 years of age we assume no change 
of educa-onal a<ainment occurs. For each gender we therefore have four 3x3 transi-on matrices 
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between educa-onal levels. Because deaths below age 35 are rare in Europe, we can disregard the 
poten-al interac-on between mortality and level of educa-on and apply deaths propor-onally to 
all educa-onal categories. Since our input data from WIC are on the country level, all our transi-on 
matrices are country-specific. 
 
The following example shows how the transi-on matrices are es-mated. We use the example of 
Austria, with data for the period 2015-2020 for females. Table 3 shows the transi-on matrix for the 
transi-on between age groups 20-24 to 25-29. The WIC es-mates of the distribu-on over the 
three educa-onal categories for 2010 and 2015 are input to the table (bo<om row for the 2010 
distribu-on and right column for the 2015 distribu-on). The cells of the matrix are then derived as 
follows:  

1. Changes from higher to lower educa-onal levels are not possible. Therefore cells (1,2), (1,3) 
and (2,3) are zero by defini-on.  

2. As a consequence of observa-on 1, cell (1,1) = rowtotal(1).  
3. Similarly, cell (3,3) = columntotal(3).  
4. Except for age 10-14 to 15-19, where small posi-ve values have been observed, it is not 

possible to move up 2 levels of educa-on within a 5-year period. Therefore, cell (3,1) is 0.  
5. The other cells are then iden-fied by subtrac-on. For instance, cell (3,2) = columntotal(3) – 

cell (3,3).  
   

2010 
 

  
Low (1) Middle (2) High (3) 2015 share 

 
2015 

Low (1) 0.16 0 0 0.16 
Middle (2) 0.04 0.37 0 0.41 
High (3) 0 0.10 0.33 0.43  
2010 share 0.20 0.47 0.33 1.00 

Table 3 Es-mated educa-onal a<ainment transi-on matrix in the period 2010-15, 
Austria, females, age group 20-24 to 25-29.  

 
The four transi-on tables related to the four age group transi-ons determine the full matrix of 
educa-onal transi-ons. These probabili-es are transformed into condi-onal probabili-es of having 
educa-on level f at t+5, given that a person had educa-on level e at -me t. For instance, from 
table 3 we derive that the condi-onal probability of having a high educa-on diploma at t+5, given 
that the person was middle educated at -me t is 0.10/0.47 = 0.21. These condi-onal probabili-es 
add up to 1.00 over each column. The two crucial transi-ons are from low to middle educated, and 
from middle to high educated. If you are s-ll low educated in your early twen-es, as Table 3 shows, 
the probability of moving from low to middle educated is not very high (0.04 / 0.20 =20%). In 
contrast, the result for the age group 10-14 to 15-19 is 54%. 
 
The balancing equa-on (7) including educa-onal dynamics of the resident popula-on reads:  
 
𝐍.,./0 = 𝐏./0 − ∆𝐄 ∙ 𝐏. − 𝐁.,./0 + 𝐃.,./0       (8) 
    
where ∆𝐄 is the transi-on matrix of educa-onal a<ainment. With three educa-onal levels, 18 age 
classes and 2 genders the total number of rows and columns of ∆𝐄 is 108 (3x18x2). ∆𝐄 is a 
subdiagonal blockmatrix with age- and gender-specific 3x3 educa-onal transi-on matrices in the 
subdiagonal.   
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The 3x3 educa-onal transi-on matrices for all ages without educa-onal change (all ages below 10 
and above 30) are iden-ty matrices. However, this above equa-on does not take into account the 
possible interac-on between migra-on and educa-onal dynamics. The two are clearly related. 
Educa-onal dynamics is an important trigger for migra-on at young ages. For some migrants, the 
change in educa-onal level takes place before the move (for instance a person migrates aqer 
gradua-ng from university), for others it takes place aqer the move (for instance a person moves 
to a loca-on to obtain a master degree). We deal with this interdependence by dividing net 
migra-on into two groups: half of the net migra-on takes place at the beginning of the period, and 
half of the net migra-on takes place at the end of the period (See also Preston et al., 2003, chapter 
6). This means that half of the migrants are exposed to the educa-onal transi-on probabili-es in 
the origin region, and the other half are exposed to these probabili-es in the des-na-on region. In 
other words, half of the migrants who move from one educa-onal category to the next will have 
this transi-on registered at the region of origin, and half will have it registered at the region of 

Box 1: The classifica>on into low, middle and high educated 
The classifica-on into low, middle and high educa-on is not unambiguous across 
countries and ins-tu-ons. Classifica-ons are normally based on the ISCED2011 
defini-ons, but there are slight differences between the way various organiza-ons 
combine the ISCED97 categories (and also in the way they categorize persons with 
missing informa-on about educa-onal level). The table below gives an overview of the 
various defini-ons used by Eurostat, WIC, and a number of countries. The problem is in 
the delinea-on of middle and high educated. There is no ambiguity in the defini-on of 
low educated: everything up to the level of lower secondary educa-on. The middle 
category is in any case upper secondary level, but post-secondary non-ter-ary 
educa-on is some-mes counted as middle (ISCED2011, Eurostat) and some-mes as 
higher educated. In any case, this is not a large category, but could lead to some 
distor-ons with na-onal data.   
In this project we follow the WIC classifica-on. WIC classifies everyone <15 years of age 
in a separate category, which we classify as Low educated.  

 
Various agencies’ categoriza-on of educa-onal a<ainment 
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des-na-on.  So we have that at the end of the period the net migrants are the sum of 𝟏
𝟐
𝐍.,./0 and 

𝟏
𝟐
𝚫𝐄 ∙ 𝐍.,./0, or taken together: 𝟏

𝟐
(𝐈 + 𝚫𝐄) ∙ 𝐍.,./0,	 This means that the following iden-ty holds:  

 
𝐏./0 =	∆𝐄 ∙ 𝐏. + 𝐁.,./0 − 𝐃.,./0 +	

𝟏
𝟐
(𝐈 + ∆𝐄)𝐍.,./0     (9) 

     
Where 𝐈 is the iden-ty matrix. Reworking this equa-on results in the solu-on for net migra-on by 
age, gender and level of educa-on:       
 
𝐍.,./0 = [𝟏𝟐(𝐈 + ∆𝐄)]

5𝟏[𝐏./0 −	∆𝐄 ∙ 𝐏. − 𝐁.,./0 + 𝐃.,./0]     (10)  
 
In the current model we do not assume regional differences between transi-on probabili-es. In 
that case equa-on (9) reduces to  
 
𝐏./0 =	∆𝐄 ∙ 𝐏. + 𝐁.,./0 − 𝐃.,./0 +	∆𝐄 ∙ 𝐍.,./0      (11) 
 
And equa-on (10) reduces to 
 
𝐍.,./0 = ∆𝐄5𝟏[𝐏./0 −	∆𝐄 ∙ 𝐏. − 𝐁.,./0 + 𝐃.,./0]      (12) 
  
2.3 The es?ma?on of the regional popula?on by gender, age, and level of educa?on 
 
The terms Pt and Pt+5, the regional popula-on at NUTS3 level by age, gender and level of educa-on, 
are crucial for the es-ma-on of net migra-on in equa-on (10). This informa-on is not readily 
available at the European level. In this sec-on a model is presented to es-mate the distribu-on of 
educa-onal a<ainment over the NUTS3 regions, by age and sex.  
 
2.3.1 The es?ma?on problem 
 
The star-ng point for the es-ma-on is the popula-on data by NUTS3 region, age (in 5 year age 
groups 0-4, 5-9, .., 85+) and sex. This informa-on is available in the REGIONS database of Eurostat, 
and harmonized by the Joint Research Centre JRC, to create a -me series for each region back to 
1990. The research problem that we try to solve here is to expand this table of three dimensions 
(region R, sex S, age A) with a fourth dimension: educa-onal a<ainment E, in three categories: Low, 
Middle and High educated. For the Netherlands for example, having 40 NUTS3 regions (so called 
COROPs) this table contains 40x3x2x18 = 4320 cells.  The level of educa-on is not available for 
most European countries at the NUTS3 level. Eurostat provides informa-on on level of educa-on 
at the NUTS2 level but not broken down by age1. More detailed informa-on of educa-onal 
a<ainment is provided at the na-onal level by the Wi<genstein Centre for Demography and 
Human Capital WIC. The available par-al regional informa-on is summarized in table 4. As already 
men-oned, Eurostat collects annual informa-on about the popula-on by age and gender for each 
NUTS3 region2: RxSxA. In the PREMIUM_EU project the years 2010, 2015 and 2020 are used. 
Educa-onal a<ainment is a more problema-c dimension. WIC has made es-mates for all countries 
in the world of the popula-on by sex, age and level of educa-on, but not for regions within 
countries. There is some informa-on at Eurostat/JRC, based on the ongoing European labor force 

 
1 Since the analysis for this contribu/on was finished, Eurostat released the data of the Census 2021, which contains a 
table at the NUTS2 level by broad age groups and sex. It was too late to include this table in the current es/ma/on.   
2 This informa/on is even available at the finer detailed regional level of the LAU (Local Area Units).  
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surveys: The popula-on of working age (between 15 and 75 years) by sex and educa-onal 
a<ainment, at the NUTS2 level. The nota-on in the first column of the table will be explained 
below.  
 

Table Source Descrip>on 
RxSxA Eurostat/JRC Popula-on by Age (0-5,..,85+) and Gender for 

each NUTS3 Region 
SxAxE WIC Educa-onal a<ainment by Age (0-5,..,100+) and 

Gender 
R2xSxE Eurostat/JRC Popula-on 15-75 years for each Gender by 

Educa-onal a<ainment for each NUTS2 (R2) 
Region 

Table 4  Data resources for es-ma-on 
 
2.3.2 Model specifica?on 
 
The problem can be specified as follows, using the modelling language that was introduced in the 
programming language GLIM (an acronym for Generalized Linear Interac-ve Modelling) in the 
seven-es (Aitkin et al., 2005). In this modelling language a con-ngency table with dimensions sex S 
and age A can be wri<en as SxA. If we only have the marginal totals of age and sex, we can 
es-mate a table S+A, assuming independence between both dimensions. The formula-on of 
independence between the two dimensions in a loglinear formula-on is given by:  
 
log𝑀L67 = 	𝜇 + 𝜇68 +	𝜇79          (13) 
 
Where 𝑀L67  is the expected value of cell (i,j) in the two-way table under the assump-on of 
independence of factors A and B, and the coefficients are given by: 
 

𝜇 =
∑ :;<	=./>0,1

?@A
 ,  𝜇68 =

∑ :;<	=./>,1

A
− 	𝜇,  𝜇79 =

∑ :;<	=./>,0

?
− 	𝜇      (14) 

 
If 𝜇 is determined, only 𝐼 − 1 coefficients of factor A can be es-mated, and one is redundant, and 
similarly for factor B.  Usually, the constraint that all coefficients sum to 0 is used, but other designs 
can be imposed as well, for instance that the coefficient of the first or last category of the factor is 
0. Note that the parameters are es-mated from the expected values  𝑀L67. This means that the 
expected values under the model have to be es-mated first, and from these expected values the 
parameters are derived. The sufficient sta-s-cs to es-mate the expected values are the marginal 
totals implied by the specified main and interac-on effects. For the model of independence (13) 
these are the row- and column totals of the AxB table.  
 
By comparing the expected values 𝑀L67  with observed values 𝑀67, the hypothesis of independence 
can be tested, using the well-known Chi-square test, with appropriate degrees of freedom: in this 
case 𝐼 ∗ 𝐽 − 1 − (𝐼 − 1) − (𝐽 − 1). However, many con-ngency tables of popula-on data suffer 
from overdispersion, which heavily inflates the test sta-s-c. Moreover, many tables are based on 
register or census data of the whole popula-on, not samples. Therefore, the value of the test 
sta-s-c is only indica-ve of the fit of the model.  
 
If the hypothesis of independence is rejected, an interac-on term is necessary. In a two-way table 
this leads to a saturated model, with the number of coefficients equal to the number of 
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observa-ons (cells) in the table. The model of interdependence is AxB, or, in a loglinear 
formula-on:  
 
log𝑀L67 = 	𝜇 + 𝜇68 +	𝜇79 + 𝜇6789         (15) 
 
and the interac-on term in this model is es-mated as:    
 
𝜇6789 = 𝑙𝑜𝑔	𝑀BCT − 	𝜇 −	𝜇68 −	𝜇79        (16) 
 
This example readily extends to more than two dimensions. Our table to be es-mated has four 
dimensions, with cell entries 𝑀67D:, where i is the index for region, j for sex, k for age and l for 
educa-on. The available par-al informa-on allows only to es-mate a model with restric-ons on 
many parameters.  
 
RxSxAxE = RxSxA + SxAxE + R2xSxE        (17) 
 
This is a hybrid loglinear model, since R2 (NUTS2) is an aggregate of NUTS3 regions and therefore 
not a standard factor in a loglinear model. In parametric form the model reads:  
 
log𝑀L67D: = 	𝜇 + 𝜇6E +	𝜇7F + 𝜇D8 + 𝜇:G + 𝜇67EF + 𝜇6DE8 + 𝜇7DF8 +	𝜇7:FG + 𝜇D:8G +𝜇D:E"G + 
																																𝜇67DEF8 +	𝜇7D:F8G + 𝜇7D:E"FG        (18) 
 
Note that in this hierarchical model, if a higher dimensional interac-on is included, the lower level 
interac-ons between these variables are also included. It is clear that the crucial interac-on at the 
NUTS3 level is missing. Although R2xSxE provides some informa-on between the regional 
dimension and the level of educa-on, it does not differen-ate between NUTS3 regions within a 
NUTS2 region. This is most clearly seen if we observe a single sex-age combina-on, say 25-30 
Females. For this group we have the distribu-on over the regions R in a country, as well as the 
na-on-wide level of educa-on E. The interac-on R2xSxE assigns values of educa-onal a<ainment 
to each NUTS3 region based on the corresponding NUTS2 regional context, and for all ages 15-75. 
As a result, all 25-30 age Female categories in the NUTS3 regions of the same NUTS2 region will be 
assigned the same values. We therefore need an RxE interac-on term (i.e. at the NUTS3 level), and 
possibly such interac-on term could also be age- or sex-dependent. This informa-on exists only for 
specific countries, but not European wide. To fill in this missing interac-on we need a model that 
predicts the educa-onal distribu-on of each NUTS3 region as a func-on of regional characteris-cs. 
This model, an aggregated logit model (a member of the family of loglinear models), is explained in 
the next sec-on in some detail. The es-mates of this model generate a distribu-on of level of 
educa-on as a func-on of the regional characteris-cs. We include this term RxE, or, if it is age and 
sex-specific RxSxAxE, in the model as an offset in the model. An offset is a covariate in the model 
with a fixed parameter value of 1. This could be specified as:  
 
RxExSxA = RxSxA + ExSxA +{ RxExSxA }       (19) 
  
where the nota-on {..} is used to denote the offset. This offset can be interpreted as prior 
informa-on to be included in the es-ma-on. The parametric form of this model is:  
 
log𝑀L67D: = 	𝜇 + 𝜇6E +	𝜇7F + 𝜇D8 + 𝜇:G + 𝜇67EF + 𝜇6DE8 + 𝜇7DF8 +	𝜇7:FG + 𝜇D:8G + 
																																𝜇67DEF8 +	𝜇7D:F8G + 𝑙𝑜𝑔𝑀U67D:        (20) 
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As will be explained in the next sec-on, we include the R2xSxE table as a covariate in the 
es-ma-on of the prior informa-on 𝑙𝑜𝑔𝑀U67D:. The formula has one intercept, four main effects, five 
two-way interac-ons, and two three-way interac-ons. This formula-on makes clear that because 
of the par-al informa-on available, the two-way interac-on 𝜇6:EG, nor the three-way interac-on 
𝜇67:EFG  and 𝜇67:E8Gare included (i.e. set to zero). Instead, the prior distribu-on 𝑀U67D:  contains an 
approxima-on of the interac-ons between these factors, derived from the logit predic-ons to be 
discussed below. Itera-ve Propor-onal FiWng IPF starts with the prior distribu-on {RxSxAxE}, 
which is scaled in a number of rounds to fit it to the marginal totals RxSxA and ExSxA, un-l 
convergence is reached. 
 
2.3.3 The aggregated logit model to es?mate the regional distribu?on over educa?onal a`ainment  
 
An aggregated logit model is equivalent to a loglinear model. In a loglinear model such as equa-on 
(15) the dependent variable is the cell count, but there is no dependent or independent variable 
among the factors that make up the table. The model es-mates a mul-variate discrete 
distribu-on. But we can designate one factor, say educa-on, as the dependent variable, and 
es-mate its value, condi-onal on the value of the other factors. For instance, we could model the 
probability that a person living in region i, with sex j and age k will have educa-onal a<ainment l. 
This probability is 
 

 𝑃𝑟𝑜𝑏:|67D =	𝑝:|67D =
𝑀67D:

∑ 𝑀67D:I:I
Y        (21)  

 
Subs-tu-on of (20) in (21) gives:  
 

𝑝!|#$% =
&'(	(+!"

#$,+%"
&$,+'!"

#&$,-./	(01'!%"))
∑ [&'(	(+!"(

#$,+%"(
&$,+'!"(

#&$,-./	("( 01'!%"())]
      (22) 

 
All terms not related to E cancel out. The p can be either interpreted as the probability of having a 
certain educa-onal level, or as popula-on shares. In the current approach the interpreta-on of 
shares is more to the point. The 𝜇-terms describe differences in educa-onal a<ainment between 
age- and sex categories, based on the na-onal distribu-on from the WIC table SxAxE. By using data 
from countries that have all variables R, S, A and E, we can model the prior distribu-on log	(𝑀U67D:) 
with a set of region-specific explanatory variables. The es-mated coefficients of such a model can 
then be applied to predict the value of the prior distribu-on for other countries without a 
complete RxSxAxE distribu-on, but with the explanatory variables. We present the results of the 
es-ma-on for the Netherlands, as an example of a country with all variables available. We 
es-mate the following model on Dutch data:  
 

𝑝!|#$% =
&'(	(+!"

#$,+%"
&$,+'!"

#&$,∑ 6!%",*7',** )
∑ [&'((+!"

#$,+%"
&$,+'!"

#&$,∑ 6!%"(,*7'(,*)]*"(
      (23) 

 
Where ∑ 𝛽7D:,J𝑋6,JJ  is a linear sum of m region-specific variables 𝑋6,J, with weights 𝛽7D:,J.  
 
The educa-onal a<ainment data, by region, sex and age (i.e. the observed table ExRxSxA) for the 
Netherlands come from the Statline database of Sta-s-cs Netherlands (Sta-s-cs Netherlands). 
Sta-s-cs Netherlands provides informa-on for 10-year age categories (15-25, ..65-75). We use the 
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2015 and 2020 data for the es-ma-on. Table 5 gives an overview of the explanatory variables used 
in the model. Note that the educa-onal a<ainment at the NUTS2 level, R2_Educ15-75,  is used as a 
predictor in this model.  
 
The model was es-mated using R func-on glm as a hybrid log-linear model including all available 
terms RxSxA and ExSxA, plus quan-ta-ve predictors of the regional educa-onal a<ainment 
distribu-on. Table 6 shows the deviance fit for a number of nested models for 2015 and 2020. It 
gives an impression of the contribu-on of the explanatory variables to the overall fit between 
observed and predicted regional educa-onal a<ainment shares.  
 

Variable Explana>on 
R2_Educ15-75 Share of the popula-on in the age range 15-75 by educa-onal 

a<ainment and sex, at NUTS2 level 
%Hightech Share of employment in professional, scien-fic and technical 

ac-vi-es; administra-ve and support service ac-vi-es. 
Econ_index The economic index as calculated in Work package 4 (Arnold, 2024). 

It is a composite index of regional product per capita, and 
unemployment 

Table 5 Explanatory variables of the regional NUTS3 share of the popula-on by educa-onal 
a<ainment 

 
  2015 2020 
# Model Deviance Df Deviance Df 
1 RxSxA + ExSxA 298666 936 321639 936 
2 Model 1 + R2_Educ15-75 234582 933 240933 933 
3 Model 2 + %Hightech 207490 931 232546 931 
4 Model 3 + Econ_index 184016 929 183516 929 

Tabel 6 Model fit of aggregated logit es-mates of educa-onal a<ainment in NUTS3 regions in 
the Netherlands, 2015 and 2020 

 
Model 1 in table 6 denotes the baseline model, where all marginal effects are included that are 
available for all European countries, from Eurostat/JRC (i.e. the table RxSxA, which is the regional 
popula-on by age and sex) and WIC (i.e. the table ExSxA, which is the table at the na-onal level of 
the popula-on by level of educa-on, sex and age). In models 2, 3 and 4 the regional predictors of 
the level of educa-on are added one by one. The three explanatory variables have a substan-al 
effect on the model outcomes. The economic index, one of the dimensions of the regional 
development concept, is the strongest variable. Further interac-ons of these variables with age 
and sex do not add much to the fit. This means that the coefficients apply to all age- and sex 
categories simultaneously, or in other words: the 𝛽7D:’s can be simplified to 𝛽:.  
 
The parameter es-mates 𝛽:  of these three explanatory variables are given in table 7.  
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2015 2020  

Low Middle High Low Middle High 

Intercept 3,145 3,035 (ref) 3,176 3,430 (ref) 

R2_Educ 15-75  
(/ 10000) 

-0,15 -0,12 (ref) -0,25 -0,15 (ref) 

% Hightech (/ 100) 0,255 (ref) 0,818 0,638 (ref) -2,162 

Econ_index -0,178 (ref) 1,684 0,004 (ref) 2,760 

Table 7  Parameter es-mates of explanatory variables in 2015 and 2020  
 
The most important variable is econ-index. The higher the economic index of a region the higher 
the share of high educated, as expected. In 2015 it also correlates nega-vely with the share of low 
educated. The percentage of employed in the Hightech sector is posi-ve for the low, and mixed for 
the share of high educated: posi-ve in 2015 but nega-ve in 2020. The effect of the NUTS2 
educa-onal distribu-on is marginal and nega-ve for low and middle educated shares, rela-ve to 
the high educated shares at the NUTS3 level. This implies that on average higher shares of low or 
middle educated at the NUTS2 level correlate with lower shares at the NUTS3 level. Including 
interac-on effects with either age or sex does not greatly improve the fit of the model, while 
making it substan-ally more complicated.  
 
Using these parameter es-mates a prior distribu-on log𝑀UL67D:   can be es-mated. Figure 2 shows 
the expected and observed shares based on the 2015 data. The figure shows a decent fit (R2 is 0.88 
for 2015, and similarly 0.87 in 2020).   
 

 
Figure 2 Observed and expected shares of levels of educa-on for NUTS3 regions by age and sex, 

2015, in the Netherlands 
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2.3.4 How good does this model work for other countries? 
 
We use the es-mated values of the logit model for the Netherlands to construct the {RxE} 
interac-on term to be used as prior distribu-on in the es-ma-on of the popula-on by region, age, 
gender, and educa-onal a<ainment for Norway. The model to be fi<ed using IPF is the RxSxA + 
ExSxA + {RxE}. The es-mated values can be compared with the observed counts, which are 
available from Sta-s-cs Norway. Norway has (as of 2023) 11 NUTS3 regions, and Sta-s-cs Norway 
publishes data on regional educa-onal a<ainment for 6 age categories. In total there are therefore 
11x2x6x3=396 cell counts. Figure 3 shows the fit of the resul-ng model. Each dot represents 
observed and expected shares of low, middle and high educated for each combina-on of region, 
age and gender. The fit is very sa-sfactory.  

 
Figure 3 Observed and Expected counts of low, middle and high educated by age, gender and 

region, Norway, 2015 
 
2.4 The popula?on by age, gender and level of educa?on at the NUTS3 level in Europe 
 
The variables Econ_index, %Hightech and R2_Educ15-75 (the NUTS2 level of educa-on), together 
with the es-mated coefficients from the Dutch logit model would generate a prior distribu-on 
{RxE} for each country. Unfortunately, data for Austria, Germany and Spain are not available in the 
Eurostat Regions database3. For all other countries, the educa-onal distribu-on, by NUTS3 region, 
age and gender can be es-mated. We present here results for 173 NUTS3 regions. These data are 
included in the Regional Policy Dashboard4. 
 
There is no direct test of the results of the es-ma-on of the popula-on by sex, age, and level of 
educa-on at the NUTS3 level, for the reasons men-oned above. At the NUTS2 level the 2021 
census informa-on of Eurostat enables a par-al test at the European level which answers the 
ques-on how good the model replicated the level of educa-on at this geographical scale. The 
census 2021 provides a table of the popula-on by NUTS2, sex, age in 6 groups (0-14, 15-29, 30-49, 
50-65, 65-84 and 85+), and educa-onal a<ainment in 11 categories, which we aggregate to Low, 
Middle and High educated. Figures 4 and 5 provide evidence of the fit.  
  

 
3 We hope to include these countries in an update of the database 
4 A prototype of the Dashboard is available at: hBps://nordregio.github.io/premium_eu/regional.html. The Dashboard 
will be launched in the spring of 2026 (Deliverable 7.8)   
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Figure 4 Observed and predicted educa-onal a<ainment shares by NUTS2 regions, categorized 

by level of educa-on 
 

 
Figure 5 Observed and predicted educa-onal a<ainment shares by NUTS2 region, categorized 

by age group  
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Figure 4 provides a categorisa-on by level of educa-on, and Figure 5 by age group. The R2 between 
observed educa-onal shares and predicted shares is with 0.92 sa-sfactory. The slope of the 
regression line is 0.97, and the slope 0.9 (i.e. less than 1 percentage point at the lowest values), 
indica-ng only a very slight bias. The results for each of the educa-onal categories is very similar, 
with R2s of 0.93, 0.91 and 0.89 for Low, Middle and High educated respec-vely.  
 
Figure 6 shows the resul-ng pa<ern for the high educated 20-39 year old females and males in 
2020. Although the levels are different, with females on average higher educated (40 against 31 
percent), the pa<ern is quite similar. Also visible are the country differences. This has partly to do 
with real differences in educa-onal a<ainment (Portugal), but to some extent also with different 
educa-onal systems and defini-ons (Italy).  
 
 
2.5 Net migra?on by age, gender and level of educa?on at the NUTS3 level in Europe 
 
With 𝐏., and 𝐏./0 es-mated, for t = 2010, 2015 and 2020, ∆𝐄 es-mated, and 𝐁.,./0 and 𝐃.,./0 
observed, we have all required informa-on to es-mate 𝐍.,./0 for the periods 2010-2015 and 2015 
-2020, using equa-on (12). Figure 7 gives an idea of the result of the es-ma-on. (Note that due to 
data limita-ons the results for a number of countries -France, Italy, Austria, Hungary- are not yet 
fully available. The data will be updated in the coming period however).  
 
 
2.6 Conclusions of the es?ma?on of net migra?on by level of educa?on 
 
In this chapter a method to es-mate net migra-on by level of educa-on has been developed. The 
method is essen-ally combining different sources of informa-on together at the na-onal and 
regional level, using itera-ve propor-onal fiWng to find the minimum informa-on distribu-on for 
regional popula-ons, and demographic accoun-ng principles to es-mate the resul-ng net 
migra-on es-mates from these popula-on es-mates. We could par-ally test the results. We used 
data from the Netherlands and Norway to es-mate a model that predicts the regional educa-onal 
a<ainment shares from exogenous informa-on on the NUTS2 educa-onal distribu-on and the 
regional economic index developed in Work Package 4, that includes Gross Regional Product and 
unemployment as indicators. These models fi<ed the data well. We used these models to predict 
the educa-onal a<ainment shares for all European regions. That is clearly a strong assump-on. We 
hypothesize that there is a clear rela-onship between regional educa-onal a<ainment and 
economic indicators (which is the basis of the model es-mated for the Netherlands and Norway), 
but the strength of the rela-onship may vary across countries. With more data available on 
regional educa-onal a<ainment at the NUTS3 level we will inves-gate this rela-onship further, and 
include the results in the model es-mates, whenever possible. We tested the results of the 
es-ma-on of the popula-on by level of educa-on (and by sex and age) at the NUTS2 level, using 
the census 2021 data from Eurostat. The results were quite sa-sfactory, but this test does not say 
anything about the distribu-on of educa-onal a<ainment at the NUTS3 level within NUTS2 
regions. With more data at the NUTS3 level available our model results could be refined. This will 
only be possible for individual countries that have these data available. The Eurostat data are 
based on the European Labor Force Survey, which is not representa-ve at the NUTS3 level.  
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Figure 6 Es-mated share of high educated females and males in NUTS3 regions in 2020  
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Figure 7 Es-mated net migra-on rate of Low and High educated in net migra-on 2015-2019 
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