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Abstract
We analyze the changing attitudes toward immigration in EU host countries in the last
few years (2010–2018) on the basis of the European Social Survey data. These data are
collected by the administration of a questionnaire made of items concerning different
aspects related to the immigration phenomenon. For this analysis, we rely on a latent
class approach considering a variety of models that allow for: (1) multidimensionality;
(2) discreteness of the latent trait distribution; (3) time-constant and time-varying
covariates; and (4) sample weights. Through these models we find latent classes of
Europeans with similar levels of immigration acceptance and we study the effect of
different socio-economic covariates on the probability of belonging to these classes for
which we provide a specific interpretation. In this way we show which countries tend
to be more or less positive toward immigration and we analyze the temporal dynamics
of the phenomenon under study.

Keywords Discrete latent variables · European Social Survey ·
Expectation-maximization algorithm · Item response theory

Introduction

Immigration is one of the most pressing challenges the EU countries are facing in
recent years. Although many European countries have had to respond to the most
severe migratory challenge since the end of the Second World War, we note the

B Ewa Genge
ewa.genge@ue.katowice.pl

Francesco Bartolucci
francesco.bartolucci@unipg.it

1 Department of Economic and Financial Analysis, University of Economics, Bogucicka 3a Street,
40-228 Katowice, Poland

2 Department of Economics, University of Perugia, Via A. Pascoli, 20, 06123 Perugia, Italy

123

http://crossmark.crossref.org/dialog/?doi=10.1007/s11634-021-00479-y&domain=pdf
http://orcid.org/0000-0002-8899-3697
http://orcid.org/0000-0001-7057-1421


236 E. Genge and F. Bartolucci

unprecedented arrival of refugees and irregular migrants reaching Europe by crossing
the Mediterranean Sea in 2016, with 181,400 people arriving in Italy and 173,450 in
Greece.

According to data from the Organization for Economic Cooperation and Develop-
ment, the number of new asylum-seekers reached a record of about 1.6 million in 2015
with approximately 22% of refugees coming from Syria, by far the leading country of
origin. As confirmed by the latest Eurostat data, asylum seekers came from nearly 150
countries, with a growing share of applicants coming from visa-free countries (26% of
first time applicants in 2020). The influx of immigrants to Europe has intensified the
debate on the acceptance of newcomers into European countries and the threat posed
by immigrants to members of the host society. Understanding what drives the individ-
ual and cross-national variations in public support for (or opposition to) immigration
is therefore an issue of central importance for academics and policymakers.

To study attitudes toward the immigration phenomenon, we analyze the cross-
national ESS (European Social Survey) data that measure changes in social structure,
conditions, and opinions in Europe. In particular, we focus on the last five rounds of the
survey (i.e., ESS 5, 2010; ESS 6, 2012; ESS 7, 2014; ESS 8, 2016; ESS 9, 2018), period
in which the problem of immigration has become particularly acute in Europe. Our
aim is to characterize homogeneous groups of Europeans presenting similar levels of
attitude toward immigration, conceived as a latent trait. In such a context, an interesting
research question concerns the effect of different socio-economic covariates on the
probability of belonging to the different groups. We are interested in analyzing the
probabilities to belong to the classes with the higher or lower immigration acceptance
level for Europeans depending on age, number of completed years of education, feeling
about household’s income, size of place of living, country of citizenship, and work
experience abroad. In this way we can show also which countries tend to be more
or less positive toward migrants. In particular, also considering the evolution of the
tendency toward immigration across time in a dynamic fashion, the article addresses
questions such as: Do the European publics vary across Europe?What are the countries
with the lowest and highest immigration acceptance? How do the pattern vary across
time? Are the European publics becoming more tolerant during the successive rounds
of the ESS survey?

The ESS is the most highly regarded cross-national survey program in the world,
conducting rigorous representative surveys to the highest professional and method-
ological standards across Europe.1 The survey measures the attitudes, beliefs, and
behavior patterns of diverse populations across European countries. Many of the
questions fielded in the most recent rounds of the survey are repetitions of questions
administered almost two decades ago (in the first round of the ESS, i.e., ESS 1, 2002).
This enables to chart trends over time in attitudes and compare development in differ-
ent European countries. Therefore, the survey provides one of the most authoritative
databases to study attitudes toward immigration across countries and time.

Among the items of the questionnaire adopted within ESS, we explore six poly-
tomous items with ordered responses concerning attitudes toward immigrants (of the
same race, of a different race, and from poorer countries outside Europe) and the per-

1 More information can be found at https://www.europeansocialsurvey.org/about/index.
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Attitudes toward immigration in Europe 237

ceived costs and benefits of migration (for country’s economy, country’s cultural life,
and country’s place to live). Therefore, we propose to equally divide the items into
two latent dimensions: general acceptance of immigration and impact of immigration
on the host country.

For the analysis of the responses to the six items at issue, we adopt a latent class
(LC) approach including covariates and we also consider certain Item Response The-
ory (IRT) parametrizations. Due to the inclusion, among the covariates, of dummy
explanatory variables for the country, we account for the multilevel structure of the
data provided for individual Europeans. Moreover, in addition to the study of the dis-
tribution of the latent traits of interest related to the attitude toward immigration, and
its dependence on the covariates, the adopted approach allows us to study the problem
of invariance of the questionnaire among countries and rounds (see Steenkamp and
Baumgartner 1998; Kankaraš et al. 2010; Millsap 2011; Davidov et al. 2014, 2018).
This is a crucial issue to achieve comparability between these different situations.

The remainder of this paper is organized as follows. In the next section (Sect. 1)
we review the relevant literature describing the most important studies concerning
immigration and based on the ESS data. Then, we describe the data and outline the
adopted modeling approach in Sects. 2 and 3, respectively. The empirical analysis is
presented in Sect. 4. Final remarks are given in the Sect. 5.

1 Literature review

European societies are experiencing an increasing rate of immigration and, therefore,
it is thus not surprising that the literature on attitudes toward immigrants has mul-
tiplied in recent years (Hainmueller and Hopkins 2014; Fitzgerald and Awar 2018).
This literature suggests that negative attitudes toward immigrants and immigration
are affected by both individual-level and country-level factors. At individual level,
studies are focused on socio-demographic characteristics as determinants of attitudes
toward newcomers. These studies show that unemployment, low income, a vulnerable
socio-economic position, or low levels of education may increase the perception of
economic threat due to immigration (Coenders and Scheepers 2003; Raijman et al.
2003; Kunovich 2004; Semyonov et al. 2008; Gorodzeisky 2011).

In addition, Espenshade and Hempstead (1996) found that people who are alien-
ated politically may be looking for others to blame and, consequently, may be more
negative toward immigrants. It is also argued that political conservatism is an impor-
tant predictor of immigrants’ derogation (e.g., Semyonov et al. 2006). Additionally,
some authors show that members of the host society overestimate the size of the immi-
grant population which, in turn, results in more negative attitudes toward them (i.e.,
Schneider 2008; Gorodzeisky and Semyonov 2020).

The second line of research conjectures that, instead of focussing only on individual
differences, one should examine cross-country variation in attitudes toward immigra-
tion. It is noted that large or increasing immigration flows, deteriorating economic
conditions (Scheepers et al. 2002; Semyonov et al. 2006; Schlueter andWagner 2008;
Crepaz and Damron 2009; Rustenbach 2010; Kuntz et al. 2017), policies that are
not aimed at strengthening integration of newcomers (Schlueter et al. 2018; Green
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et al. 2019), negative media reports related to immigration (Schlueter and Davidov
2013; Schlueter et al. 2018), negative events such as economic shocks (Meuleman
et al. 2018), or terrorist attacks (Schlueter et al. 2018) may all result in more negative
attitudes toward immigration in a country. However, the relations between economic
conditions, size of immigrant population, and anti-immigrant attitudes are not con-
firmed in the studies presented by Sides and Citring (2007) or Strabac and Listhaug
(2008), among others.

The phenomenon of massive immigration has continued to fuel the debate on this
phenomenon as both academics and policymakers have not yet reached a consensus on
what drives natives to view immigration as threatening and why similar people living
in different countries tend to vary greatly in their opinions, even after controlling for
socio-economic differences (Raijman et al. 2003). Note that most of the previous stud-
ies based on the ESS data are mainly concentrated on different relationships between
individual characteristics or country policies (i.e., welfare policy or other character-
istics such as the size of the immigrant population, economic conditions, and foreign
investments) and anti-immigrants attitudes for the previous rounds (i.e., Schlueter and
Wagner 2008; Rustenbach 2010; Davidov and Meuleman 2012; Markaki and Longhi
2012; Nagayoshi and Hjerm 2015). In contrast, the present work focuses on the evolu-
tion of the individual attitudes toward immigration in the different EU host countries
in the last few years (2010–2018), in which problems related to immigration have
become particularly acute. In this way we show which countries tend to be more
or less positive toward immigration and we analyze the temporal dynamics of the
phenomenon under study.

As in most of the cited works, we base our analysis on individual-level responses.
Moreover, we consider both baseline and time-varying socio-demographic character-
istics that are assumed to impact on the immigration attitudes evolving over time.
Additionally, including dummy explanatory variables for the country, we also account
for the multilevel structure of the data.

Another contribution of our study is that, although we base our study on the
individual-level responses, we conceive the attitude toward immigration as a discrete
latent (non-observable) construct, analyzed by suitable LC models. In fact, this atti-
tude is not directly measurable and depends on individual characteristics that are not
directly observable, such as cultural background, economic status, and political views.
People might be more likely to have anti-immigrant attitudes when they cannot relate
to the culture of the immigrants (e.g., ethnic background). Economic competition and
anti-immigrant attitudes may occur because immigrants are taking the jobs of native
workers especially at the bottom of the labour hierarchy. Also, right or left politi-
cal orientations may clarify why differences in anti-immigrant sentiments occur. In
fact, according to Dennison (2017): “Attitudes to immigration at the individual level
can be powerfully predicted by fundamental psychological traits, with individuals
displaying openness and excitability more drawn toward pro-immigration positions
and those displaying conscientiousness and concern over safety more drawn toward
anti-immigration positions”.
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2 Data presentation

The ESS is an academically driven cross-national survey that has been conducted
across Europe since its establishment in 2001. Every two years, face-to-face interviews
are conducted with newly selected cross-sectional samples. The survey measures the
attitudes, beliefs, and behavior patterns of diverse populations in different nations.2

Here we focus, in particular, on the changing attitudes in the EU countries in the
last years (2010–2018), that is, the last five rounds of the survey (ESS 5, 2010; ESS 6,
2012; ESS 7, 2014; ESS 8, 2016; ESS 9, 2018). The analyzed dataset, which includes
individuals with complete data, is referred to a sample of 101,106 respondents living
in 12 European countries who take part in all of the ESS rounds of interest3. We
consider six items concerning the different aspects of immigration acceptance with
ordinal responses that measure two dimensions: general acceptance of immigration
and impact of immigration on the host country. As the factor analysis of the first three
items yielded a single dimension they are also labelled as allowance, whereas the
other three are known as symbolic and economic threat (Heath et al. 2016) or realistic
threat (Davidov et al. 2018). Overall, the first three items given below measure the
first dimension (referring to the extent the country should accept different groups of
immigrants) and the others three (concerning different effects of immigration for a
country) define the second one:

– Y1 – allow many/few immigrants of the same race/ethnic group as majority popu-
lation (1–allow none, 2–allow few, 3–allow some, 4–allow many to come and live
here);

– Y2 – allow many/few immigrants of different race/ethnic group from majority pop-
ulation (1–allow none, 2–allow few, 3–allow some, 4–allow many to come and
live here);

– Y3 – allow many/few immigrants from poorer countries outside Europe (1–allow
none, 2–allow few, 3–allow some, 4–allow many to come and live here);

– Y4 – immigration bad or good for country’s economy (1–bad, …, 11–very good
for the economy);

– Y5 – country’s cultural life undermined or enriched by immigrants (1–undermined,
…, 11–enriched cultural life);

– Y6 – immigrants make country a worse or better place to live (1–worse, …, 11–
better place to live).

Originally, the first three items (Y1–Y3) had the reverse order of the (four) response
categories whereas we keep the original order of 11-point Likert type scale for the last
three items (Y4–Y6). In fact, previous studies concluded that the immigration attitudes
in the last years are becoming slightly positive; therefore, we prefer to analyze the
immigration attitudes, as opposed to more popular anti-immigration analyses.

It is worth to compare the data structure we use for the analysis with that used in
other studies. In particular, Davidov and Meuleman (2012) analyzed one “combined”

2 The public dataset can be found at http://www.europeansocialsurvey.org/about/index.html.
3 The original data contains 119,852 respondents, with the percentage of missing cases that were removed
from each round given as follows: ESS 5 (17.82%), ESS 6 (15.83%), ESS 7 (16.11%), ESS 8 (13.58%),
ESS 9 (14.79%).
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Table 1 Weighted average
scores (Ȳ j ) by year

Year Ȳ1 Ȳ2 Ȳ3 Ȳ4 Ȳ5 Ȳ6

2010 2.82 2.59 2.50 4.90 6.52 5.92

2012 2.93 2.67 2.59 6.11 6.77 6.10

2014 2.96 2.72 2.54 6.09 6.73 6.13

2016 3.00 2.73 2.68 6.42 6.75 6.26

2018 3.03 2.76 2.69 6.70 6.88 6.42

scaled variable reject of immigrants as the average of the first three items (Y1–Y3) for
the first three rounds of the ESS survey. Each of the three items of this measurement
scale inquires whether respondents would like their country to allow only a few or
many immigrants of a certain group to come. The original responses are registered on a
4-point scale (1–allowmany, 4–allow none). Scale variable reject is operationalized as
the average over these three indicators. Markaki and Longhi (2012), in their analyses,
converted the 11-point scales of items Y4–Y6 (corresponding to our second latent
dimension) into binary variables for certain rounds (ESS 1, 2002; ESS 2, 2004; ESS
3, 2006; and ESS 4, 2008). They recoded the original scales of items into binary
variables with the value 1 given to those who answer 1–5 (immigration is bad for
the economy; undermining cultural life; worsening life in the country) while a value
of 0 is assigned to those who answer 6–11 (immigration is good for the economy;
enriching cultural life; improving life in the country). Note that, in our study we keep
the original order of the 11-point scale for three items, so as to avoid information loss.
Moreover, most of these works (see also Ervasti et al. 2008; Schlueter and Wagner
2008; Gorodzeisky and Semyonov 2009; Meuleman et al. 2009; Gorodzeisky 2011)
are focused on the negative perception, that is, the anti-immigrant attitude, perceived
threat of immigration, or immigrant derogation.

For a preliminary description of the phenomenon under study, Table 1 reports the
means Ȳ j for the item responses of the ESS rounds of interest, covering the period
2010-2018, whereas Table 2 shows the means of each response variable for every
country. The means Ȳ j is computed for each item after assigning score 1 to 4 (Y1–
Y3) or 1 to 11 (Y4–Y6) to the categories in increasing order, respectively. The full
tables including the distribution of the item responses for each country and round are
presented in the Appendix (see Tables 13 and 14).

We emphasize that since our study is based on combining data from different
countries and rounds, the design weights in combination with population size weights
(European Social Survey 2014, Sec. 2 and 3) are applied in computing descriptive
statistics as well as in the estimation part of our analysis.

We stress that surveys such as the ESS face methodological challenges with respect
to the comparability of the concepts used in different countries. Concepts that are
popular in one countrymay be not common in another country, peoplemay understand
specific questions differently across countries, translations might be imprecise leading
to biased scores, and people in various countries might use response scales differently
when responding to survey questions (Cieciuch et al. 2015; Cieciuch and Davidov
2016). However, Davidov et al. (2018) suggested that two latent constructs of our
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Table 2 Weighted average
scores (Ȳ j ) by country

Country Ȳ1 Ȳ2 Ȳ3 Ȳ4 Ȳ5 Ȳ6

Germany 3.28 2.89 2.79 6.82 7.09 6.32

Czech Republic 2.33 1.98 2.05 4.92 4.93 4.85

Belgium 2.90 2.61 2.59 5.77 6.80 5.90

Estonia 2.93 2.39 2.10 5.74 6.27 5.54

Finland 2.82 2.50 2.36 6.45 7.99 6.55

France 2.86 2.63 2.53 5.76 6.30 5.73

United Kindom 2.75 2.61 2.46 6.15 6.34 6.07

Ireland 2.82 2.64 2.55 6.34 6.77 6.74

Netherland 2.84 2.75 2.58 6.24 7.15 6.42

Poland 2.85 2.58 2.60 6.35 7.11 6.70

Sweden 3.31 3.25 3.18 6.79 8.08 7.47

Slovenia 2.87 2.60 2.48 5.22 6.05 5.52

interest, allowance and realistic threat, may be used for cross-country comparisons
with confidence, as they displayed approximate scalar invariance across most ESS
countries in the study.

Overall, responses are mainly concentrated on the middle category (the third cate-
gory for the first and the sixth category for the second dimension), whereas category
1, corresponding to the lowest level of immigration acceptance, is selected less than
15% of the times for each item and in each round (see Table 13). We also observe a
higher percentage of acceptance for immigrants of the same race/ethnic group than
for immigrants from poorer countries outside Europe. However, we observe the clear
decrease in the last two rounds of thosewho allowno immigrants frompoorer countries
outside Europe and the public opinion is not so “polarized” as in the previous rounds.
In this regard, Ford (2017) compared just two rounds of the survey and concluded that
attitudes have become somewhat more “polarized” between 2002 and 2014, partic-
ularly in the case of attitudes toward migrants from poor countries outside Europe.
He showed an increase from 11% (in 2012) to 20% (in 2014) of those who feel that
none of these migrants should be allowed to come. At the same time, it was observed
an increase in the percentage of people who feel that many such migrants should be
allowed to enter, from 11 to 12%.

In terms of preferred immigrants, some differences are also observed among coun-
tries. In most of the countries there is a higher percentage of those who believe that
cultural life is enriched by immigrants or immigration makes the country a better
place to live than those who believe that immigration is good for economy. Sweden,
Germany, and Finland are the most positive toward immigrants, especially as far as
the items corresponding to the second dimension are concerned. On the contrary, the
Czech Republic is the most negative, characterized by the lowest average scores for
all the six items.

We also consider important socio-economic background characteristics of the
respondents introduced by a suitable structure of covariates (with possible categories
indicated in brackets for categorical variables):
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– round – included by dummy variables (“Round 5, 2010” as reference category,
“Round 6, 2012”, “Round 7, 2014”, “Round 8, 2016”, “Round 9, 2018”);

– country – included by dummy variables (“DE–Germany” as reference coun-
try, “CZ–Czech Republic”, “BE–Belgium”, “EE–Estonia”, “FI–Finland”, “FR–
France”, “GB–United Kingdom”, “IE–Ireland”, “NL–Netherland”, “PL–Poland”,
“SE–Sweden”, “SI–Slovenia”);

– gndr – gender (0–“female” (F) as reference category, 1–“male” (M));
– agea – age of respondent;
– domcil – place of living, included by dummy variables (1–“big city” (BC), 2–
“suburbs or outskirts of big city” (SBC), 3–“town or small city” (T) as reference
category, 4–“country village” (V), 5–“farm or home in countryside” (C));

– ctzcntr – citizen of the country (0–“no”, 1–“yes” as reference category);
– eduyrs – number of years of full-time education completed;
– wrkac6m – paid work in another country, period of more than 6 months in the last
10 years (0–“no” as reference category, 1–“yes”);

– uemp3m – ever unemployed and seeking work for a period more than three months
(0–“no” as reference category, 1–“yes”);

– pdwrk – paid work during the last 7 years (0–“no”, 1–“yes” as reference category);
– hincfel – feeling about household’s income nowadays (1–“very difficult on present
income”, 2–“difficult on present income”, 3–“coping on present income”, 4–
“living comfortably on present income”).

Summary statistics for the distribution of the covariates are reported in Table 3.
We notice that the majority of respondents are citizens of the country, females,

with an average number of years of education equal to 13.58, and live in towns or
small cities. The respondents are mainly adults with an average age of over 49. Most
of them report to cope on the present income and to have a paid work (59.26% of
the respondents) during the last seven years. Over 5% of the respondents had a paid
work in another country during a period longer than 6 months and over 30% of the
respondents had experience of being unemployed and seekingwork for a period longer
than three months.

3 Methodology

For the analysis of the data described in the previous section and to address our
research questions about the evolution of attitudes toward immigration, we adopt the
LC approach (Lazarsfeld and Henry 1968; Goodman 1974). In particular, we consider
the LC model with covariates (Dayton and Macready 1988; Bandeen-Roche et al.
1997; Vermunt 2010), also in its IRT version for polytomous ordinal items proposed
in Bacci et al. (2014) that extends the approach introduced by Bartolucci (2007) for
dichotomous items (see also von Davier 2008). We suppose that the items measure
a certain number of latent traits (general acceptance of immigration and impact of
immigration on the host country in the context of our study). A crucial assumption
characterizing the models at issue is the discreteness of the distribution of the latent
traits, giving rise to a finite number of latent classes, each one characterized by the
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Table 3 Weighted frequency distribution for each covariate (%) in years 2010-2018

Covariate mean 0 1 2 3 4 5

round5 81.29 18.71

round6 80.10 19.90

round7 79.64 20.36

round8 79.44 20.56

round9 79.52 20.48

DE 72.02 27.98

CZ 97.09 2.91

BE 96.35 3.65

EE 99.57 0.43

F I 98.08 1.92

FR 79.01 20.99

GB 79.29 20.71

I E 98.69 1.31

NL 94.42 5.58

PL 89.36 10.64

SE 96.74 3.26

SI 99.39 0.61

gndr 50.73 49.27

age 49.37

domcil 15.61 13.16 35.36 31.13 4.75

ctzcntr 4.21 95.79

eduyrs 13.58

wrkac6m 94.39 5.61

uemp3m 69.55 30.45

pdwrk 40.74 59.26

hinc f el 2.73 12.74 48.33 36.21

same latent trait levels in the IRT version. Moreover, we assume that the individual
covariates affect the probability of belonging to the different classes. Among these
covariates we consider the country of the respondent, so that the adopted models
account for the multilevel data structure by fixed effects. In the following we first
describe the general LC approach, then its IRT version for polytomous ordinal items,
and then we outline maximum likelihood estimation of these models.

3.1 Latent class approach

LetYi j denote the response variable for individual i and item j , where i = 1, . . . , n and
j = 1, . . . , r , with n denoting the overall number of individuals in the survey (101,106
in our application) and r denoting the number of items (6 in our application). Each
variable Yi j has l j categories indexed from 0 to l j − 1; in our application l j = 4 for
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j = 1, 2, 3 and l j = 11 for j = 4, 5, 6. The observed responses yi j are collected in the
vectors yi = (yi1, . . . , yir )′ and we also observe a column vector of fixed covariates
xi for every i .

The LC model (Lazarsfeld and Henry 1968; Goodman 1974) assumes that the
population is divided into a certain number k of latent classes that are identified by
the individual latent variables Ui , i = 1, . . . , n. These variables are discrete with k
support points, from 1 to k, and givenUi the random variables in Y i are assumed to be
conditionally independent. This is the well-known assumption of local independence,
which is common to most latent trait models.

Each latent class is characterized by a specific conditional distribution of the
response variables given this class. This is formalized by the following probabilities

φ j y|u = p(Yi j = y|Ui = u), i = 1, . . . , k, j = 1, . . . , r , u = 1, . . . , k, (1)

depending on individual i only through the class he/she belongs to. Moreover, for each
class we have a conditional probability of belonging to this class given the covariates,
that is,

πu(xi ) = p(Ui = u|xi ), i = 1, . . . , n.

In order to model these probabilities, we adopt a multinomial logit parametrization,
under which

log
πu(xi )
π1(xi )

= β0u + x′
iβ1u, u = 2, . . . , k, (2)

with class-specific intercepts β0u and regression parameters β1u .

3.2 LC-IRT approach

The previous approach may be made more parsimonious by considering an IRT
parametrization of the conditional response probabilities based on explicitly consid-
ering the number of latent traits measured by the items. Let q be the number of these
latent traits, also called dimensions (2 in our case), and let θu = (θu1, . . . , θuq)

′ be
the vector of latent trait levels for the individuals in class u.

In order to allow the conditional response probabilities φ j y|u defined in (1)
to depend on θu , we consider the general formulation proposed by Bacci et al.
(2014); see also Bartolucci (2007). In particular, we consider the probability vec-
tors φ j |u = (φ j0|u, · · · , φ j,l j−1|u)′, the elements of which sum up to 1. The adopted
IRT formulation assumes for j = 1, . . . , r that

gy(φ j |u) = α j

( q∑
d=1

δ jdθud − τ j y

)
, y = 1, . . . , l j − 1, u = 1, . . . , k,

where δ jd is a dummy variable equal to 1 if item j measures latent trait of type d
and to 0 otherwise, with d = 1, . . . , q and j = 1, . . . , r . Moreover, gy(·) is a link
function specific of category y and α j and τ j y are item parameters, usually referred
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to as discriminating and difficulty indices and on which suitable constraints need to
be assumed.

Among the possible parametrizations, for the full list seeBacci et al. (2014),we con-
sider that based on the so-called global logits that are strongly related to the cumulative
logits for ordinal variables (Agresti 2012, Ch. 8). This leads to the LC (and also mul-
tidimensional) version of the popular Graded Response Model of Samejima (1969),
here denoted by LC-GRM, with covariates. In a more explicit form, for j = 1, . . . , r ,
this model is based on the assumption

p(Yi j ≥ y|Ui = u)

p(Yi j < y|Ui = u)
= α j

( q∑
d=1

δ jdθud − τ j y

)
, u = 1, . . . , k, y = 1, . . . , l j − 1,

(3)
so that the ordinal structure of the items is taken into account.

It is also possible to consider simplified versions of the model based on the previous
assumption, such as that based on equally spaced difficulty parameters τ j y , which is
related to the rating scale version of the GRM introduced by Muraki (1990), and that
based on all discrimination parameters α j equal to 1 (or to an arbitrary positive value),
leading to the one-parameter logistic parametrization; see also Van der Ark (2001).
Obviously, the first constraint make sense only when all items have the same number
of response categories.

Note that also under the IRT specification of the LC model, the effect of the
covariates on the probabilities πu(xi ) may be modeled through a multinomial logit
parametrization as in (2). However, exploiting the possible order of the classes induced
by the support points θu , we can use the parametrization

log
1 − π∗

u−1(xi )

π∗
u−1(xi )

= β0u + x′
iβ1u, u = 2, . . . , k,

which is again based on ordinal logits, where

π∗
u (xi ) = π1(xi ) + . . . + πu(xi ) (4)

are cumulative probabilities.
The estimates of the regression parameters in this parametrization may be also

illustrated in a simplerway aswe have a single regression coefficient for each covariate.

3.3 Likelihood based inference

To estimate the models illustrated above, we maximize the log-likelihood function

	(θ) =
n∑

i=1

log p( yi |xi ), (5)

based on the assumption of independence between sample units and where p( yi |xi )
is the manifest probability of the observed sequence of responses for this individual,
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given the covariates. This probability may be computed as

p( yi |xi ) =
k∑

u=1

pu( yi )πu(xi ),

with pu( yi ) = ∏J
j=1 φ j yi j |u being the conditional probability of observing the

response vector yi given that individual i belongs to latent class u (i.e., Ui = u).
We recall that the probabilities φ j y|u , included in the previous expression, are directly
used as parameters under the initial LC model formulation, while they depend on the
parameters θu under the GRM formulation; see assumption (3).

When available, sample weights may be accounted for in the estimation process by
including them in the log-likelihood function. In particular, let wi denote the weight
for individual i . The weighted log-likelihood function has expression

	(θ) =
n∑

i=1

wi log p( yi |xi ). (6)

Note that we use normalized weights, so that
∑n

i=1 wi = n, in order to properly apply
the model selection criteria described in the following.

Maximum likelihood estimation is performed by the EM algorithm (Dempster
et al. 1977), and in particular we use the implementation available in the R package
MultiLCIRT (Bartolucci et al. 2016) described in Bartolucci et al. (2014). For a
deep description of this algorithm in the context of LC-IRT models see Bartolucci
(2007) when sample weights are not used and then the log-likelihood is equal to (5).
In the presence of such weights, the log-likelihood (6) can be maximized by a simple
modification of this algorithm consisting, in particular, in using a slightly different
version of the M-step when the parameter estimates are updated.

In applications, a crucial point is the selection of the most suitable model for the
data at hand in terms of number of latent classes (k), number of dimensions (q), and
the possible constraints on the item parameters. In particular, we rely on information
criteria such as the Akaike Information Criterion (AICAkaike 1973) and the Bayesian
Information Criterion (Schwarz 1978, BIC). We recall that these criteria are based on
the following indices that must be minimized:

AIC = −2	̂ + 2#par, (7)

BIC = −2	̂ + log(n)#par. (8)

In the previous formulas, 	̂ denotes the maximum log-likelihood of the model at issue
and #par stands for the number of free parameters. In applying these criteria we look
for the most parsimonious model specification when they lead to different choices.

In order to assess the quality of clustering, it is typically used the entropy (Biernacki
and Govaert 1997; Celux and Soromenho 1996), computed as
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EN = −
n∑

i=1

k∑
u=1

p(u| yi ) log p(u| yi ), (9)

and the NEC (Normalized Entropy Criterion), proposed by Celux and Soromenho
(1996), computed as

NEC = EN

	̂ − 	̂1
, (10)

where 	̂1 denotes the maximum log-likelihood of the model with only one class (see
also Biernacki et al. 2000).We recall that larger values of EN indicate a low separation
between classes,whereas lower values of NEC are preferable,with the convention that
for one class NEC = 1.Themaximumvalueof EN is equal ton log(k), corresponding
to the case of all posterior probabilities of the latent classes equal to 1/k.

Finally, we recall that after parameter estimation, sampled individuals may be
assigned to the latent classes on the basis of the estimated posterior probabilities
p̂(u| yi ). In particular, p̂(u| yi ) refers to the probability that individual i belongs to
latent class u, namely, it is an estimate of

p(u| yi ) = pu( yi )πu(xi )
p( yi |xi )

.

According to the Maximum-a-Posteriori rule, individual i is assigned to the class
corresponding the highest values of this probability.

4 Empirical analysis

In applying the LC approach described in the previous section to the data illustrated
in Sect. 2, we first dealt with model selection, regarding first of all the optimal number
of latent classes. We carried on with testing invariance across countries and rounds,
so as to explicitly consider the comparability between these different contexts. We
also dealt with the hypothesis of unidimensionality, corresponding to the assumption
that the two latent traits may be reduced to only one, and other hypotheses of interest,
amounting to compare the LC-IRT and LC models. Particular emphasis was given
to the interpretation of the estimates of the parameters involved in the conditional
response probabilities and in the class weights.

4.1 Model selection and testing

4.1.1 LC model selection

In the first step of our analysis, we started with the LC model and for this model
we considered the choice of the number of latent classes (k) trying to also determine
whether this number is the same across countries and rounds.

With the aim to assess measurement invariance in a cross-cultural comparative
setting, we followed the general procedure illustrated by Kankaraš et al. (2010). The
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Table 4 Information criteria, log-likelihood value (	̂), and number of parameters (#par) for the LC models
without covariates (in bold the lowest value of BIC)

k 	̂ #par AIC BIC EN NEC

1 −1005770.799 2340 2016221.597 2027204.005 0.000 60.000

2 −902829.994 4740 1815139.988 1837386.404 9507.429 5.652

3 −858435.083 7140 1731150.167 1764660.591 11717.162 5.360

4 −836599.205 9540 1692278.409 1737052.841 16205.704 5.928

5 −823101.814 11940 1670083.629 1726122.069 20293.944 7.198

6 −813977.897 14340 1656635.794 1723938.243 23386.824 7.800

7 −807069.158 16740 1647618.315 1726184.771 24926.061 8.079

8 −801397.476 19140 1641074.952 1730905.416 27391.135 8.565

model selection procedure usually starts by determining the required number of latent
classes. Therefore, at the beginning we estimated, on the pooled set of data, the LC
model with different parameters (conditional response probabilities and class weights)
for each country and round, and no other covariates. Table 4 shows, for k from 1 to
8, the results in terms of AIC and BIC (as defined in (7) and (8)), along with the
maximum log-likelihood and the number of free parameters for fully heterogeneous
and unrestricted multigroup LC model. For each fitted model, the table also reports
the value of entropy and of the NEC as defined in (9) and (10), respectively.

The lowest value of BIC is reached for k = 6 latent classes. The corresponding
LC model, denoted by M1, has a huge number of free parameters, namely 14,340,
which can be strongly reduced by introducing suitable constraints as discussed in the
following.

Regarding the class separation note that the maximum value of entropy amounts to
181,158 and then we can consider the value of EN for 6 classes, equal to 23,387, as
adequate. Moreover, the value of NEC is close to that of the best model among the
fitted ones.

In the context of LC analysis, measurement invariance is established when the
class-specific conditional response probabilities are equal across groups and then a
structurally equivalent (homogenous) model is achieved. This implies that it is nec-
essary to impose across-group equality restrictions on these conditional probabilities
in order to test for measurement equivalence (Kankaraš et al. 2010). Therefore, in
the further stage of our analysis we considered the LC model with 6 classes and the
same measurement model, namely common conditional response probabilities across
countries and rounds, and where the class weights are also constants or depend on
these two covariates in additive way. Table 5 shows results, again in terms of AIC and
BIC , for this model. Note, that comparability is only established if we can impose
across-groups restrictions on the model parameters without deteriorating the fit with
the data.

The model selected on the basis of the results in Table 5 is the last one denoted
hereafter by M2. This is an LCmodel with 6 classes and the same measurement model
for all country/round, while covariates country and round affect the class weights. This
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Table 5 Information criteria, log-likelihoodvalue (	̂), and number of parameters (#par) for different versions
of the LC model with 6 classes and the same measurement model for all country/round and country and
round as covariates

Model 	̂ #par AIC BIC

no covariates −844976.867 239 1690431.734 1692707.952

round −844571.128 259 1689660.257 1692126.953

country −840049.514 294 1680687.029 1683487.063

country, round −839649.994 314 1679927.988 1682918.500

Table 6 Information criteria, log-likelihood value (	̂), and number of parameters (#par) for LC-GRM
models with 6 classes, the same measurement model for all country/round, country and round as covariates
and different dimensions

Model 	̂ #par AIC BIC

1_dim −867206.361 124 1734660.721 1735841.688

2_dim −849543.376 133 1699352.751 1700619.433

multi_dim −849030.362 144 1698348.724 1699720.170

model is considerably better than the initial model (M1) according to the BIC, and
then we reach the important conclusion that the questionnaire items are measurement
invariant over country and round of the survey.

4.1.2 LC-IRT model selection

In the next stage of our analysis, we tested the LC-GRM for polytomous ordinal items
based on parametrization (3), allowing for bidimensionality, discreteness of the latent
trait distribution, time constant and time-varying covariates under the multinomial
logit parametrization formulated in (2). In fact, as suggested by the structure of the
questionnaire, the items may be grouped into two dimensions corresponding to “gen-
eral acceptance of immigrants” (Y1-Y3) and “impact of immigration on host countries”
(Y4-Y6), respectively. An important issue is if these two dimensions may be reduced
to only one. This issue may be addressed by comparing the bidimensional model with
6 classes with its unidimensional counterpart (see Bartolucci 2007, for details) on the
basis of AIC and BIC.

The results of LC-GRM model comparisons with 6 classes and the same measure-
ment model for all country/round and country and round as covariates and different
dimensional structure are given in Table 6. Note that these models do not provide
better results than the LC model with 6 classes (presented in Table 5) for the analysis
of the data at hand, which is indicated as model M2 above.

In the next step we determined the contribution of the other covariates to the latent
trait distribution. For this aim, we adopted a forward stepwise selection process in
which these covariates are included singularly at each step. Values of AIC and BIC
after each new covariate is included are reported in Table 7. The inclusion of the covari-
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Table 7 Information criteria, log-likelihood value (	̂), and number of parameters (#par) for the LC models
with 6 classes, the samemeasurementmodel for all country/round, country and round as covariates extended
also one-step-at-a-time by the other socio-economic features

Model 	̂ #par AIC BIC

eduyrs −834756.599 319 1670151.198 1673189.330

hincfel −833987.607 324 1668623.215 1671708.966

age −833406.447 334 1667480.894 1670661.885

ctzcntr −832935.751 339 1666549.502 1669778.112

domcil −832590.248 359 1665898.497 1669317.586

wrkac6m −832535.197 364 1665798.393 1669265.102

Table 8 Estimated average prior
probabilities under the selected
LC with 6 classes, covariates,
and multinomial logit link
function

Class 1 Class 2 Class 3 Class 4 Class 5 Class 6

ˆ̄πu 0.095 0.140 0.197 0.243 0.186 0.139

ates presented in Sect. 2 and not listed in that table does not lead to an improvement
in terms of BIC.

In the end, the selected model, denoted by M3, is the LC model with 6 classes and
the same measurement model for all country/round and 6 other covariates affecting
the class weights: eduyrs, hincfel, age, ctzcntr, domcil, and wrkac6m. This is our final
model, under which we obtained the results commented in the next section.

4.2 Results

Table 8 reports the estimated prior probabilities under the selected model M3 averaged
over all the observed covariate configurations ( ˆ̄πu , u = 1, . . . , k), while the estimated
conditional probabilities (φ̂ j y|u) are reported in Appendix (Table 15).

The estimated conditional probabilities show that the chance of answering with a
high response category (corresponding to a high level of immigration support) gen-
erally increases from class 1 to 6, whereas the probabilities of answering with a low
response category (corresponding to a low level of acceptance) generally decreases as
the class index increases. In other words, the latent classes are substantially ordered
according to attitude levels of immigration acceptance and this is a great advantage in
terms of interpretability. For a more straightforward check, we computed class/item-
specific scores that are obtained by the weighted average of a set of scores assigned
to each response category (1 for the first, 2 for the second, and so on) and weights
equal to the conditional response categories. The class/item-specific scores, denoted

by ˆ̄φ ju , are presented in Table 9 and represented in Fig. 1; these scores confirm that
we are essentially dealing with ordered latent classes even if we are not relying on a
GRM parametrization.

According to the results in Table 8, most subjects (24.3%) belong to class 4, which
is characterized by an upper-intermediate level of general immigration acceptance and
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Table 9 Class/item-specific

scores ˆ̄φ ju

ˆ̄φ ju u = 1 u = 2 u = 3 u = 4 u = 5 u = 6

j1 1.57 2.55 2.44 3.12 3.17 3.97

j2 1.14 2.15 1.98 2.95 2.96 3.96

j3 1.16 2.00 2.00 2.79 2.91 3.79

j4 2.87 3.84 6.10 6.13 8.06 8.34

j5 3.36 3.83 6.72 6.47 8.84 9.00

j6 3.17 3.53 6.18 5.93 8.04 8.25

item1

1.
5

2.
5

3.
5

3
5

7

1.5 2.5 3.5

3
4

5
6

7
8

1.5 2.5 3.5

item2

item3

1.5 2.5 3.5

3 5 7

item4

item5

4 6 8

3 4 5 6 7 8

1.
5

2.
5

3.
5

1.
5

2.
5

3.
5

4
6

8

item6

Fig. 1 Estimated score values ˆ̄φ ju for the selected LC model with 6 classes, covariates, and multinomial
logit link function

opinion about impact of immigration on the host country. This class is also charac-
terized by one of the highest conditional probabilities for the third category (y = 2)
and for the sixth category (y = 5). Over 9% of subjects are in class 1 and 13.9% of
subjects are in class 6, corresponding to the lowest and highest levels of immigration
attitudes, respectively.
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Table 10 Estimated covariate coefficients (β̂u , u = 2, . . . , k) under the selected LC model with 6 classes,
covariates, and multinomial logit link function

Covariate Category β̂2 β̂3 β̂4 β̂5 β̂6

intercept 0.454∗∗ −1.477∗∗ −1.022∗∗ −3.562∗∗ −3.768∗∗
round 6 0.044 −0.001 0.163∗∗ 0.269∗∗ 0.288∗∗

7 0.027 −0.211∗∗ 0.074 0.093∗∗ 0.264∗∗
8 0.114∗∗ 0.027 0.273∗∗ 0.378∗∗ 0.479∗∗
9 0.010 −0.027 0.177∗∗ 0.463∗∗ 0.511∗∗

country CZ −1.484∗∗ −1.127∗∗ −2.506∗∗ −3.723∗∗ −4.203∗∗
BE −1.051∗∗ −0.514∗∗ −0.854∗∗ −1.125∗∗ −1.590∗∗
EE −0.901∗∗ −0.376∗∗ −1.372∗∗ −1.838∗∗ −2.289∗∗
FI −0.953∗∗ 1.272∗∗ −1.322∗∗ 0.423∗∗ −0.777∗∗
FR −0.753∗∗ −0.831∗∗ −0.839∗∗ −1.111∗∗ −1.439∗∗
GB −1.018∗∗ −0.932∗∗ −1.510∗∗ −1.228∗∗ −1.886∗∗
IE −1.313∗∗ −0.577∗∗ −1.590∗∗ −0.998∗∗ −1.501∗∗
NL −1.233∗∗ 0.129 −0.496∗∗ −0.504∗∗ −1.082∗∗
PL −1.543∗∗ 0.241∗∗ −0.937∗∗ −0.205∗∗ −0.862∗∗
SE 0.700∗∗ 0.435 1.330∗∗ 1.875∗∗ 2.145∗∗
SI −0.453∗∗ −0.849∗∗ −0.782∗∗ −1.361∗∗ −1.533∗∗

age −0.005∗∗ −0.002∗∗ −0.012∗∗ −0.008∗∗ −0.022∗∗
age2 −0.004 0.014∗∗ 0.013∗∗ 0.004 0.004

eduyrs 0.047∗∗ 0.136∗∗ 0.158∗∗ 0.261∗∗ 0.275∗∗
domcil BC 0.076 0.206∗∗ 0.153∗∗ 0.500∗∗ 0.630∗∗

SBC 0.055 0.099∗∗ 0.177∗∗ 0.258∗∗ 0.298∗∗
V −0.003 −0.099∗∗ −0.068∗∗ −0.206∗∗ −0.136∗∗
C −0.188∗∗ −0.237∗∗ −0.257∗∗ −0.368∗∗ −0.355∗∗

ctzcntr Yes −0.179 1.041 0.688 1.535 1.118

wrkac6m No 0.141 0.159∗∗ −0.068 0.380∗∗ 0.351∗∗
hincfel 0.197∗∗ 0.468∗∗ 0.493∗∗ 0.700∗∗ 0.676∗∗

The estimates of the regression coefficients for the covariates included in the multi-
nomial logit parametrization, see assumption (2), are displayed in Table 10, together
with the corresponding p-values for the hypothesis that each coefficient is equal to 0.
Clearly, most of the considered covariates are significant at the 5% (marked as ∗∗).

Themost interesting estimates concern the effect of time (included by time dummies
round) and country, which may be interpreted considering that the 6 latent classes of
individuals are essentially ordered from that with the lowest to that with the highest
level of immigration acceptance. Regarding the first aspect, we conclude that European
publics are becoming slightly more tolerant, with a significant difference between
round 5 and the other rounds. Moreover, as the regression parameters for most of the
country covariates are negative in comparison to Germany, Europeans in all the other
countries (with exception of Sweden) tend to be more negative toward immigrants,
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Table 11 Estimates of the individual weights πu(xi ), u = 1, . . . , 6, for different values of the covariates,
for the selected LC model with k = 6 classes

Covariate Category u = 1 u = 2 u = 3 u = 4 u = 5 u = 6

reference 0.068 0.241 0.145 0.315 0.117 0.114

round 6 0.060 0.221 0.127 0.325 0.134 0.133

7 0.065 0.236 0.112 0.324 0.122 0.141

8 0.054 0.215 0.118 0.330 0.136 0.146

9 0.056 0.202 0.117 0.313 0.154 0.157

country CZ 0.340 0.274 0.235 0.129 0.014 0.009

BE 0.157 0.194 0.199 0.309 0.087 0.053

EE 0.181 0.261 0.265 0.213 0.049 0.031

FI 0.069 0.094 0.521 0.085 0.180 0.053

FR 0.152 0.255 0.141 0.305 0.086 0.060

GB 0.204 0.262 0.171 0.209 0.103 0.052

IE 0.196 0.187 0.234 0.185 0.124 0.073

NL 0.113 0.116 0.273 0.318 0.117 0.064

PL 0.119 0.090 0.323 0.217 0.167 0.084

SE 0.018 0.131 0.060 0.322 0.206 0.262

SI 0.141 0.318 0.129 0.299 0.062 0.051

domcil BC 0.053 0.203 0.139 0.287 0.151 0.167

SBC 0.058 0.219 0.137 0.324 0.130 0.132

V 0.073 0.259 0.141 0.317 0.102 0.107

C 0.086 0.254 0.145 0.310 0.103 0.101

ctzcntr No 0.031 0.092 0.187 0.286 0.247 0.158

wrkac6m Yes 0.060 0.243 0.149 0.258 0.149 0.141

hincfel v_diff 0.073 0.259 0.141 0.317 0.102 0.107

diff 0.058 0.219 0.137 0.324 0.130 0.132

comf 0.053 0.203 0.139 0.287 0.151 0.167

especially in Czech Republic, Estonia, and United Kingdom. These results are in
agreement with the conclusions of Heath and Richards (2016), who compared the
frequencies for the selected questions asked in 2002 and 2014.

For a clearer interpretation of the results, we calculated the individual prior proba-
bilities πu(xi ) (Table 11) and the corresponding cumulative prior probabilities (Table
12), which are defined according to (4) for an “average man” who has a covariate pro-
file that is the most common (i.e., a German, 50 years old, with 13 completed years of
education, with a citizenship, living in town or small city, never unemployed, having a
paid work during the last 7 years, but not having a chance to work in another country
in the last 10 years, coping on present income).

Then, we considered how the prior probabilities change when each single covariate
changes. The prior probabilities at varying levels of one covariate were prepared for
the most frequent category for all covariates. Consequently, cumulative probability
corresponds to the chance that the respondent characterized by the considered covariate
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Table 12 Estimates of the cumulative individual weights π∗
u (xi ), u = 1, . . . , 6, for different values of the

covariates, for the selected LC model with k = 6 classes

Covariate Category u = 1 u = 2 u = 3 u = 4 u = 5 u = 6

reference 0.068 0.309 0.454 0.769 0.886 1.000

round 6 0.060 0.281 0.408 0.733 0.867 1.000

7 0.065 0.301 0.413 0.737 0.859 1.000

8 0.054 0.270 0.388 0.718 0.854 1.000

9 0.056 0.259 0.376 0.688 0.843 1.000

country CZ 0.340 0.614 0.849 0.977 0.991 1.000

BE 0.157 0.351 0.550 0.859 0.947 1.000

EE 0.181 0.442 0.707 0.920 0.969 1.000

FI 0.069 0.162 0.683 0.768 0.947 1.000

FR 0.152 0.407 0.548 0.853 0.940 1.000

GB 0.204 0.466 0.637 0.846 0.948 1.000

IE 0.196 0.383 0.617 0.803 0.927 1.000

NL 0.113 0.229 0.502 0.819 0.936 1.000

PL 0.119 0.210 0.532 0.749 0.916 1.000

SE 0.018 0.150 0.210 0.532 0.738 1.000

SI 0.141 0.459 0.588 0.887 0.949 1.000

domcil BC 0.053 0.257 0.396 0.683 0.833 1.000

SBC 0.058 0.278 0.415 0.738 0.868 1.000

V 0.073 0.332 0.474 0.791 0.893 1.000

C 0.086 0.341 0.486 0.796 0.899 1.000

ctzcntr No 0.031 0.123 0.309 0.595 0.842 1.000

wrkac6m Yes 0.060 0.303 0.451 0.709 0.859 1.000

hincfel v_diff 0.073 0.332 0.474 0.791 0.893 1.000

diff 0.058 0.278 0.415 0.738 0.868 1.000

comf 0.053 0.257 0.396 0.683 0.833 1.000

belongs to a latent class until class u (see Eq. 4). These results are reported in the Tables
11 and 12 and also represented in Figs. 2, 3, 4, 5, 6 and 7.

Figure 2 shows the slightly decreasing cumulative probability for the second and
third class (characterized by low and intermediate immigration acceptance) with
respect to the fifth round of the survey.

Figure 3 confirms that the highest (close to 60%) probability of belonging to the
first two classes is for Czech, followed by United Kingdom, Estonia, Slovenia, and
France. As far as the classes with upper-intermediate and high immigration accep-
tance are concerned (i.e., latent classes 4 to 6), Czech is the country with the lowest
chance to belong to those groups, followed by Estonia, Slovenia, and United King-
dom (confirmed also by the lowest prior probabilities in Table 11 for those classes).
In contrast to Czech and Estonia, the lowest probability to belong to one for the first
three classes and the highest increase of cumulative probability between the last two
classes (characterized by very high and the highest level of immigration acceptance)
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Fig. 2 Estimated cumulative prior probabilities according to the round under the selected LC model with 6
classes, covariates, and multinomial logit link function
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Fig. 3 Estimated cumulative prior probabilities according to the country under the selected LC model with
6 classes, covariates, and multinomial logit link function

are observed for Sweden and Germany. Regarding the third class, the highest prior
probability is observed for Finland, followed by Poland. Moreover, most countries are
prone to belong to class 4 characterized by the upper intermediate level of immigration
acceptance with the prior probability over than 0.3, especially for Netherland, Sweden,
Belgium, and France (see Table 11).
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Fig. 4 Estimated cumulative prior probabilities according to the the place of living under the selected LC
model with 6 classes, covariates, and multinomial logit link function
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Fig. 5 Estimated cumulative prior probabilities according to the income perception under the selected LC
model with 6 classes, covariates, and multinomial logit link function

Concerning the other socio-economic features considered in our analysis, we
observe the positive regression parameters for education (eduyrs), income level percep-
tion (hincfel), place of living (BC, SBC), and ctzcntr (with exception for the first class)
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Fig. 6 Estimated cumulative prior probabilities according to the number of completed years of education
under the selected LC model with 6 classes, covariates, and multinomial logit link function
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Fig. 7 Estimated cumulative prior probabilities with age under the selected LC model with 6 classes,
covariates, and multinomial logit link function

covariates (see Table 10). Therefore, as the number of years of education increases, the
level of immigration acceptance (i.e., the probability to belong to classes with a higher
immigration acceptance, see Fig. 6) also increases. We can observe that the proba-
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bility of belonging to the first two classes is over 0.70 for uneducated respondents as
opposed to those with 25 completed years of education reaching, in turn, probability
of belonging to one of the first 5 classes equal to 0.65. These results are reasonable
and in agreement with previous researches (Coenders and Scheepers 2003; Kunovich
2004; Rustenbach 2010; Nagayoshi and Hjerm 2015).

Individuals living in villages (V ) or having homes in countryside (C) tend to be
more negative about immigration compared to those living in towns or small cities (see
also Davidov and Meuleman 2012; Markaki and Longhi 2012). The results given in
Fig. 4 present higher cumulative prior probabilities up to the third class for respondents
living in those three areas of European countries, with the highest points for residents
of countrysides opposed to the respondents living in the big cities (BC) or in the
suburbs (SBC) of Europe.

The attitude toward immigration increases with the feeling about household’s
income and the size of place of living. The probabilities to belong to the classes
with upper-intermediate and high immigration acceptance increase with higher levels
of income perception, as also clarified by Fig. 5. Europeans living comfortably on
present income are considerably more prone to belong to classes 5 and 6, compared
to those living very difficult or difficult on present income (see also Table 11).

Based on the results presented in Tables 10, 11, and 12 we also conclude that
respondents who had a paid work in another country for a period longer than 6 months
in the last 10 years and people not having citizenship of the country tend to be more
supportive of immigration phenomena.

Finally, older people seem to be less prone to accept immigrants in their countries
of origin. Figure 7 presents a noticeably lower probability of belonging to the classes
with lowest level of immigration attitudes for the youngest respondents of the survey.
Accordingly, with age the increasing tendency to belong to one of the first three classes
is observed (as opposed to the classes with the higher immigration acceptance level).

5 Discussion

To evaluate the changing attitudes toward immigration in EU countries, we adopt a
latent variable approach for ordinal polytomously-scored items. The approach relies
on discrete latent variables and allows for covariates that influence the weights of the
latent classes. The approach is applied to the analysis of cross-national ESS data for
the period 2010-2018.

Thepresent studyprovides someclear contributions to our understanding in explain-
ing attitudes toward immigration of European public opinion in the years with the
highest immigration dynamics in Europe:

– Differently from previous researches, we show that the analyzed (heterogenous)
survey data can be explained by 6 latent classes corresponding to homogeneous
groups of Europeans with the similar levels of immigration acceptance.

– We present results on the tendency of general immigration acceptance and the
impact of immigrants on host countries in the recent years aswell. This extension of
traditional ItemResponseTheorymodels, basedon the assumptions of discreteness
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and also multidimensionality of the latent trait, may be especially useful in socio-
economic data analyses where the normality and unidimensional assumptions of
the latent trait (explicitly introduced) are very often too restrictive (Bartolucci et al.
2014; Genge 2017).

– We present the effect of different socio-economic covariates and show that, in the
considered period, Europeans are becoming slightlymore positive in their attitudes
toward migrants, but this tendency can be especially observed in countries such as
Germany or Sweden.

– The adopted models also allow us to study the problem of measurement invariance
of the items across countries and rounds of the longitudinal survey. Testing for this
assumption enables us to achieve the reliable comparability between the results
presented for respondents answering questions at different time points and living
in different EU countries. Therefore, the presented approach is very useful in
heterogenous data analyses facing the methodological challenges in cross-country
comparisons.

Europeans are quite heterogeneous in terms of public support for (or opposition
to) immigration, in their extent of internal unity, and in the drivers associated with
anti-immigration sentiment. The characteristics of the 6 latent classes corresponding
to homogeneous groups of citizens may help to formulate more precise political ideas
and confrontations addressed to identified groups of Europeans with the similar levels
of immigration acceptance. Moreover, providing information concerning immigrant
attitudes in different countries across time represents a powerful means for policies
designed to decrease the distances betweenmembers of the host society and to promote
intergroup contacts.
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Appendix

We here report the full tables including the distribution of the item responses for each
country and round (see Table 13 and 14) being described in Sect. 2. Table 15 shows
complete results for conditional probabilities for each response category characterized
in Sect. 4.2.
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Ȳ
j

Y
5

4.
27

2.
79

5.
30

7.
62

7.
87

17
.8
3

10
.8
7

15
.9
4

14
.9
4

6.
27

6.
30

6.
73

Y
6

4.
59

2.
82

5.
74

8.
64

9.
60

30
.0
9

10
.5
9

12
.1
4

9.
52

3.
16

3.
10

6.
13

20
16

1
2

3
4

5
6

7
8

9
10

11
Ȳ
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Ȳ
j

Y
1

4.
78

23
.1
1

46
.7
1

25
.4
0

2.
93

Y
2

15
.6
0

38
.4
6

37
.5
2

8.
42

2.
39

Y
3

28
.3
9

38
.3
1

28
.0
6

5.
24

2.
10

Y
4

5.
53

4.
23

7.
34

12
.1
5

9.
45

27
.9
3

11
.2
6

10
.7
5

6.
69

1.
95

2.
72

5.
74

Y
5

4.
07

3.
50

6.
71

9.
42

7.
61

24
.4
0

12
.0
7

13
.6
5

10
.5
2

3.
47

4.
57

6.
27

Y
6

4.
97

4.
20

7.
92

12
.0
9

11
.7
5

33
.3
3

9.
83

7.
91

4.
65

1.
37

1.
97

5.
54

F
in
la
nd

1
2

3
4

5
6

7
8

9
10

11
Ȳ
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Ȳ
j

Y
1

6.
48

22
.5
5

50
.1
5

20
.8
3

2.
85

Y
2

12
.3
3

31
.1
6

42
.2
2

14
.2
8

2.
58

Y
3

11
.1
2

32
.0
3

42
.6
6

14
.1
9

2.
60

Y
4

4.
51

3.
49

5.
55

8.
36

7.
98

24
.7
6

11
.1
5

13
.4
7

12
.2
0

3.
95

4.
57

6.
35

Y
5

2.
54

1.
86

4.
06

5.
25

5.
72

21
.1
0

12
.0
7

16
.5
3

16
.7
9

6.
34

7.
75

7.
11

Y
6

1.
76

1.
95

3.
37

5.
89

6.
39

34
.0
7

12
.0
3

14
.4
2

11
.5
8

3.
84

4.
71

6.
70

Sw
ed
en

1
2

3
4

5
6

7
8

9
10

11
Ȳ
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