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Abstract
The existing literature on attitudes towards immigration has not accounted for
the potential effect of unobservable home education on attitude formation.
Yet, factors such as parents’ knowledge, their morals, and their weltanschau-
ung are likely to influence the attitudes of the next generation. Their omission
from the analysis thus threatens to lead to erroneous conclusions. Utilizing
siblings data from the German Socio-Economic Panel (GSOEP) this paper
analyzes the determinants of worries about immigration controlling for unob-
served family specific effects. Our results suggest that benchmark models used
in the literature yield inconsistent estimates of the main determinants of atti-
tudes towards immigration.
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1 Introduction

The analysis of attitudes towards immigration continues to gain increasing interest
in the economic literature.1 Reasons to examine this relationship are multifarious.
As shown in Figure 1, the share of the foreign-born population is already fairly
sizable in most (Western) European countries. Additionally, almost all industrial-
ized countries are confronted with aging societies and an excess demand for high
skilled labor. The demographic problem becomes apparent when looking at Figure
2. It depicts the ratio of the population aged 65 and older to the total labor-force
in 2005 and estimates of this ratio for 2050 in Europe. In all European countries
this figure is expected to roughly double.

The effects of both the demographic change and the shortage of skilled workers
could be mitigated by a selective immigration policy that offers young, highly edu-
cated foreigners a permanent perspective to work and live in these countries. This,
of course, would further increase the population shares of foreigners. Consequently,
the societal integration of immigrants is an elementary factor for a successful im-
plementation of any immigration policy. In general, this integration process is
most likely facilitated if natives are relatively open to the idea of accepting for-
eigners permanently among them. Since this public willingness to accept foreign
minorities in society can be interpreted as the demand side of immigration policy,
it should be of utmost interest to policy makers to understand what drives these
opinions.

To evaluate the impact of economic concerns on attitudes towards foreigners,
one strand of the literature tries to reconcile individual opinions on immigration
taken from survey data to the predictions of stylized economic models on the wage
effects of immigration. These effects primarily depend on the skill distributions of
native and foreign workers, and are different for native workers with different skill
levels. Correspondingly, individual attitudes are also assumed to vary across skill
levels reflecting the unequally distributed individual benefits from immigration (see
e.g. Mayda, 2006, and Scheve and Slaughter, 2001). Following a similar motiva-
tion, Dustmann and Preston (2004b) and Facchiniy and Mayda (2006) investigate
the perceived impact of immigration on the national welfare system. Most of these
studies interpret educational attainment as a skill proxy, and ask whether attitudes
vary across skill levels due to the expectation of different impacts of immigration
on the high and low-skilled sectors of the labor market.2 Additionally, Facchiniy

1For a survey of the recent empirical literature and new empirical evidence for 20 European
countries see Brenner and Fertig (2006).

2Among others Hainmueller and Hiscox (2007) interpret school degrees as a broad education
measure, arguing that higher education should be associated with increasing ethnical and racial

4



and Mayda (2006) use an income measure as a proxy of welfare concerns induced
by immigration.3 The conclusion of this literature is that labor market as well as
welfare considerations apparently affect the view of individuals on immigration as
predicted by specific economic models.

This paper addresses a severe shortcoming in the study design of virtually all of
the received literature on attitudes towards immigration, since it typically neglects
the potential impact of parents on the attitude formation of their children.4 We
argue that factors such as parents’ knowledge, their morals, and their weltanschau-
ung are transmitted to a certain degree to their offspring and hence contribute to
shape their view of the world including their worries about immigration. These
unobservable factors which we refer to as home education are most likely corre-
lated with observable covariates, in particular educational attainment. Since this
is in turn the most important determinant discussed in the literature, we should
expect to obtain inconsistent estimates of its impact when standard models are
applied. In accordance with this reasoning, the analysis in this study illustrates
that ignoring home education indeed results in inconsistent coefficient estimates,
utilizing siblings data from the German Socio-Economic Panel (GSOEP).

We exploit the specific structure of our data by controlling for family-specific
effects which are assumed to capture parental influences on attitude formation.
The estimations are carried out applying two distinct identification strategies,
fixed effects ordered logit, suggested by Ferrer-i-Carbonell and Frijters (2004), and
Chamberlain’s (1980) random effects ordered probit. Results are then compared
to and tested against the benchmark models typically employed in the literature,
(ordered) logit and (ordered) probit, respectively, which ignore unobservable ef-
fects such as home education.

The rest of the paper is structured as follows. In Section 2 the data is summa-
rized. Section 3 describes the econometric model and the identification strategies
in detail. We present our empirical evidence in Section 4 and draw conclusions
in Section 5.

tolerance and open-mindedness.
3Facchiniy and Mayda (2006) augment a stylized labor market model with a government’s

budget constraint consisting of lump sum welfare benefits and a redistributive tax system to
motivate their empirical analysis. Their first welfare-state scenario, which is supported by their
empirical findings, assumes that the government maintains the per capita welfare benefits after
an immigration shock occurs. To keep the budget constraint balanced, the tax system has to
adjust which has a heterogeneous impacts on individuals depending on their position in the wage
distribution.

4To our knowledge, only Brenner and Fertig (2006) proxy this potential impact by the inclu-
sion of parental educational attainment as an additional explanatory variable.
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2 Data

In our empirical application we utilize data from the German Socio-Economic
Panel (GSOEP).5 In particular, six waves comprising the years 1999 to 2004 are
examined. In this period participants were asked to express their worries about
immigration on a three point scale reaching from very concerned (coded 1) over
somewhat concerned (2) to not concerned at all (3). We focus on a sub-sample
of siblings which are identified via the identity of their parents, including only
respondents in our sample if we find at least one more individual associated with
the same mother and father. If only mother or father coincide the observations
are discarded since it is unclear whether the respondents were raised jointly in the
same household, which we assume if both parents match. We further restrict our
sample to non-immigrant German nationals aged 16 or older who have finished
their education. In total we end up with 8,780 complete person-year observations
of 2,040 individuals from 931 families. The distribution of these observations over
the years is shown in Table 1.

As our principal explanatory factor we include the most emphasized determi-
nant in the literature, the educational attainment of the respondents. We expect
higher educated individuals to exhibit a more informed view of the world and a
higher level of ethnical and racial tolerance than lower educated individuals. Al-
ternatively, one might reconcile the measured attitudes-education-association with
concerns about the effects of immigration on the labor market. In the German
case, low-educated individuals might display a higher propensity to consider im-
migrants as direct competitors for jobs because they are close substitutes in the
production process6. High-educated individuals, on the other hand, benefit from
low-skilled immigration since their skills become relatively more scarce and thus
they are more inclined to favor immigration. In any case, we include three dummy
variables for the highest level of education covering Hauptschule (lower secondary

5The data used in this paper was extracted from the SOEP Database provided by the
DIW Berlin (http://diw.de/soep) using the ADD-ON package SOEPMENU v2.0 (Jul 2005)
for Stata(R). SOEPMENU (http://soepmenu.de) was written by Dr. John P. Haisken-DeNew
(john@soepmenu.de). See Haisken-DeNew (2005) for details. The following authors supplied
SOEPMENU Plugins used to ensure longitudinal consistency, John P. Haisken-DeNew (15),
John P. Haisken-DeNew and Markus Hahn (16), Mathias Sinning (2). The SOEP Menu gener-
ated DO file to retrieve the SOEP data used here and any SOEPMENU Plugins are available
upon request. Any data or computational errors in this paper are my own.

6In Germany the bulk of immigrants is actually low-skilled (according to SOPEMI (2004)
47.7 % on average in 2001-2002).
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degree or less), Abitur (qualification for universities), and university degree, leav-
ing Realschule (intermediate secondary school) as the base group.

Furthermore, we include individual labor earnings. Assuming that low-skilled
workers earn on average less than high-skilled workers, following the same argu-
ments as above we would expect a positive impact of earnings on worries about
immigration. If, however, labor income reflects concerns about the welfare impact
of immigration, as suggested by Facchiniy and Mayda (2006), a negative sign of
the coefficient should be found. Since most respondents live in multiple-person
households, their personal incomes are not necessarily the only source of income.
Therefore we add the equivalent household income, computed by using the OECD
scale. This variable should to some extent capture the social status of the respon-
dents’ household.7

An additional labor market variable considered is the employment status (em-
ployed/not employed) which we include along with a dummy indicating whether
the respondent lives in Eastern Germany to test the two popular hypotheses that
on the one hand people from the East of Germany and on the other hand unem-
ployed workers display more negative perceptions of immigrants. Since attitudes
might change over life time due to personal experience but also due to national
and global developments, we control for respondents’ age by the inclusion of age
group dummies. Further controls are gender and marital status. Table 2 contains
summary statistics of the dependent and the independent variables.

3 The Empirical Framework

We begin this section with a description of the econometric model used in our
study. In the remainder of the section we discuss the different identification re-
strictions imposed and conclude with the discussion of some robustness tests of
these assumptions.

3.1 Econometric Model

Our sample consists of i = 1, . . . , N families which comprise j = 1, . . . , Ji broth-
ers and sisters. Ji, the number of siblings in family i, can vary over families but
has to be at least equal to two. For each individual we observe the categorical
dependent variable yij which can take the values {1, 2, 3} and a K × 1 vector of

7Dustmann and Preston (2004a,b) use household income, yet in a categorized metric, stressing
the importance of the relative position in the income distribution.
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socio-economic variables Xij, containing, among others, gender, age, labor income,
educational attainment, employment and marital status.

We assume that an underlying true opinion y∗

ij on the item exists that is unob-
servable. This latent variable is modeled to depend on Xij in the following linear
fashion

y∗

ij = X ′

ijβ + εij ∀ j = 1, . . . , Ji, i = 1, . . . , N, (1)

with εij a regression error term. Due to the latent nature of y∗

ij we assume the
following link to the observable counterpart yij

yij =

⎧⎨
⎩

1 if y∗

ij ≤ τ1

2 if τ1 < y∗

ij ≤ τ2

3 if τ2 < y∗

ij

(2)

where τ1 and τ2 are unknown threshold parameter such that τ2 > τ1. They will
have to be estimated along with β, the parameter vector of interest that measures
the impact of the socio-economic factors on y∗

ij.

In the received economic literature of attitudes towards immigration a spe-
cific distribution of the error term (standard normal or logistic) along with non-
correlation with the regressors Xij is assumed. Thus, Equation (1) is estimated
by Maximum Likelihood (ML) as ordered probit or ordered logit, the benchmark
models in this study. Taking into account the siblings structure of the data, we
however assume that the compound regression error term is given by

εij = fi + uij, (3)

where fi denotes the family component being identical for each member of family i
and uij is a mean zero i.i.d. error term. Allowing the family specific unobservable
effect fi, assumed to capture the impact of home education,8 to be correlated with
Xij, the benchmark estimates are inconsistent.

Since the single year samples admitting to estimate family effects are rather
small,9 we will pool our data over time. This involves further identifying assump-
tions. Most importantly, we have to assume that the family effects fi are constant

8Further potential unobservables affecting siblings similarly that might be captured by fi are
the contact to and influence of a similar group of friends and neighbors, as well as community
specific characteristics, e.g. the ethnical mix of the local population.

9The maximum number of observations in any given year is 1,342 for the random effects model
and 735 for the fixed effect model due to lacking variation in the outcome within families (see
Section 3.2). This intra-family variation is increased considerably by pooling observations over
time.
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over time. Furthermore, we impose the assumption that all parameters are con-
stant over the considered time horizon of six years. Finally, we add year dummies
to the models to capture varying answering behavior which might be induced by
exogenous changes that affect each respondent in the same fashion.

3.2 Identification Strategies

Ordered probit (OP ) and ordered logit (OL), the common estimation techniques
utilized in the literature on attitudes towards immigration, are well-known text-
book procedures and need no further discussion (see e.g. Greene, 2003). The other
estimators, fixed effects ordered logit (FE) and Chamberlain’s random effects or-
dered probit (CHOP ), however, are less common and will be described in some
more detail.

Both procedures model the family relations of respondents by the inclusion
of a family effect fi. They further impose one important common identification
assumption. The observed answers within each family i, yi = [yi1 . . . yiJi

]′, are
statistically independent conditional on fi and Xi = [X ′

i1 . . . X ′

iJi
]′. It follows

that the joint density of yi conditional on fi and Xi is the product of the marginal
densities of yi1 to yiJi

conditional on fi and Xi, respectively. If fi was observable,
this would enable us to estimate the resulting likelihood straight-forwardly. How-
ever, since fi is latent, further identification assumptions are necessary which vary
over the two approaches considered.

Fixed Effects Ordered Logit
Our first identification approach, fixed effects ordered logit, is an extension of the
conditional logit model (Chamberlain, 1984) for dependent variables with more
than two categories.10 To implement this model, a binary variable wij is generated
that relates to the original outcome yij as follows:

wij =

{
0 if yij < ȳi

1 if yij ≥ ȳi,
(4)

where ȳi = 1/Ji

∑Ji

j=1 yij. Using wij instead of yij as the new dependent variable,
the traditional conditional logit model can be estimated by ML. The resulting

10This version of the model slightly deviates from Ferrer-i-Carbonell and Frijters (2004). The
author is very grateful to Ada Ferrer-i-Carbonell and Paul Frijters to hint at this version of their
model and its easy implementation in Stata. Jones and Schurer (2007) apply both versions in
the context of health satisfaction and find that parameter differences are negligible.
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likelihood for each family i is given by

L[wi1, . . . , wiJi
|

Ji∑
j=1

wij = Wi] =
exp{

∑Ji

j=1 wijX
′

ijβ}∑
wi∈S(Wi)

exp{
∑Ji

j=1 wijX ′

ijβ}
, (5)

where wi = [wi1 . . . wiJi
]′ and S(Wi) denotes the set of possible realizations of

wi such that
∑Ji

j=1 wij = Wi. This specification is attractive since no assumptions
about the correlation structure between fi and Xij are necessary as the condi-
tional likelihood is free of the unobservable factor. Unfortunately, it is impossible
to estimate marginal effects for the original outcome measure yij which are more
naturally interpreted in the non-linear models at hand than their parameters.11

Hence, to test the appropriateness of this specification we are only able to com-
pare the parameter estimates of FE with those of OL by performing a Hausman
test.

Finally one should mention that the well known problems of the original con-
ditional logit model for binary dependent variables carry over to this adjusted
version, i.e. we lose all units i that have no variation in the dependent variable
over the j realizations. However, since we analyze a family panel, the drawback
that unit-invariant regressors Xi drop out of the likelihood is not present. In typ-
ical panel applications where an individual is observed at several points in time
variables such as gender usually do not vary over time and hence cannot be in-
cluded. Since our ’time dimension’ are the different family members, we have
sufficient variation in all regressors over j, even if not for every family i.

Chamberlain’s Random Effects Ordered Probit
The second approach, Chamberlain’s random effects ordered Probit (Chamber-
lain, 1980) extents the standard random effects approach by suggesting a linear
relationship between fi and Xi. We adopt the specification of Mundlak (1978),
assuming that

fi = X̄i
′

γ + ri (6)

with ri|Xi ∼ N(0, σ2
r) and X̄i = 1/Ji

∑Ji

j=1 Xij. Combining (3) and (6) with
Equation (1) yields

y∗

ij = X ′

ijβ + X̄i
′

γ + ri + uij, (7)

which is estimable by ML as a standard random effects ordered probit model.

The implication of Assumption (6) is that we explicitly account for a potential
correlation between the family effect fi and observable characteristics Xi. The

11Even in the case of a binary outcome additional undesirable assumptions about fi are nec-
essary, typically that fi = 0 ∀ i = 1, . . . , N , to be able to estimate marginal effects.
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chosen specification restricts this correlation to be identical for each family mem-
ber. Similar to the FE approach, an important limitation to CHOP is that each
regressor needs to vary over the Ji realizations for at least some units i in the sam-
ple. Otherwise, the average over Ji would be perfectly collinear to the regressor
itself and could not be estimated. However, as mentioned above, in the present
case of a family panel there is sufficient variation in all considered independent
variables.

A benefit of the normality assumption of uij is that it enables us to compute
marginal effects. As highlighted by Wooldridge (2002) for the binary probit case,
this is feasible since for a particular realization x̃ of the regressors Xij,

E[P (y∗

ij ≤ τj)] = E[Φ(τj − x̃′β − X̄i
′

γ − ri)]

for j = {1, 2}. Using the law of iterative expectations,

E{EX [Φ(τj − x̃′β − X̄i
′

γ − ri)|Xi]} = E{Φ[(τj − x̃′β − X̄i
′

γ)(1 + σ2
r)

−1/2]}

= Φ[(τj − x̃′β − X̄i
′

γ)(1 + σ2
r)

−1/2].

This result can be exploited to compute predicted probabilities of observing the
three outcomes by plugging the ML estimates and the sample mean X̄ (as the
realization x̃ of interest) into the probability expressions. Using those, marginal
effects of the regressors X are obtained straightforwardly averaging over X̄j

′

γ̂.12

To test whether omitting the family effect yields consistent estimates of β we
perform a Hausman test comparing the Chamberlain approach with the benchmark
specification. Choosing uij to be standard normal the adequate comparison model
is ordered probit.13

3.3 Robustness Tests

To verify the robustness across the two different strategies of modeling the family
effects we re-estimate Equation (7), however, this time assuming that uij follows
a logistic distribution. The parameter estimates from the resulting Chamberlain’s
random effects ordered logit (CHOL) model are then tested against the FE pa-
rameters, again by a Hausman test. If this statistic indicated that there was no
significant difference between the two estimates of β, i.e. that the linear correlation

12Ordered probit marginal effects are evaluated at the sample mean as well. The discrete
nature of changes of dummies is taken into account when computing marginal effects.

13In general any other distribution for uij (as well as εij in Equation (1)) could be applied
to compare the two modeling approaches, in particular the logistic distribution, a fact we will
exploit later on.
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assumption between fi and X̄i was a sufficiently close approximation to the true
correlation structure, this would massively increase our confidence in the marginal
effects obtained from CHOP .

A further issue is the pooling of observations over time which, as argued above
involves the extra assumptions of time-invariant parametric relations and family
effects. To relax these assumptions to some extent, we re-estimate all models using
only the last three waves of data, comprising the years 2002 to 2004. Furthermore,
we estimate the following hierarchical random effects ordered probit model (HI):14

y∗

ijt = X ′

ijtβ + X̄i
′

γ + δt + ri + pij + uijt. (8)

with subscript t denoting the time index, δt are time dummies, and pij is an
individual-specific random effect satisfying pij|Xi, ri ∼ N(0, σ2

p). In this fashion we
control for the additional individual-specific correlation over time which otherwise
is absorbed in the family specific-random effect ri. We again choose the normal
distribution to be able to compute marginal effects. Finally, we test whether the
consistency of CHOP is called into question by the inclusion of pij.

4 Results

The results of the models assuming logistic error terms are reported in Table 3.15

Whereas the parameter estimates of the two models taking account of home edu-
cation are very close in magnitude and significance, substantially different results
are obtained for the benchmark model. In particular, the impacts of the indica-
tors of welfare and labor market concerns, individual labor income and educational
attainment, respectively, appear to be overstated in magnitude in the OL model
compared to FE and CHOL. Furthermore, we find differences concerning the
significance and magnitude of the East Germany indicator16 and the age-attitude
profile, respectively. These findings are backed up by the results of Hausman tests
reported in the first two rows of Table 4.17 While consistency of OL is rejected

14Chamberlain’s random effects ordered logit as well as the hierarchical random effects ordered

probit model are estimated using the gllamm command in Stata written by Rabe-Hesketh, Skro-
ndal, and Pickles (2002, 2005).

15Due to missing variation in the original independent variable within the family, 493 obser-
vations from 79 families have to be discarded when estimating FE.

16One need to bear in mind that in the family component model East is only identified by
individuals who move from East to West (or vice versa) over time or by siblings who live in
both parts of Germany. This is only the case for 69 families or 447 person-year observations,
respectively. Hence, we do not want to overemphasize this finding.

17All Hausman tests follow a χ2 distribution under the null hypothesis. The degrees of freedom
are identical to the impacts on the latent outcome, i.e. 18 for all tests but the last which tests
HI against CHOP and has 31 degrees of freedom.
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against both alternatives at any reasonable significance level, we further find no
systematic differences between the point estimates of CHOL and FE. This latter
result implies that the linear approximation of the correlation structure between
fi and Xi given in Equation (6) is appropriate for our data and underlines the
robustness of our findings across identification strategies.

In Table 5 we show the parameter estimates of the three models assuming nor-
mal regression errors. The results of OP and CHOP are virtually identical to OL
and CHOL, yet differently scaled, a well-understood empirical regularity.18 The
last two columns report the results of the hierarchical model. Those are much
closer to the CHOP estimates than to the benchmark model. The significant
and comparatively large point estimate of σ2

p suggests that a considerable amount
of correlation is present for individuals over time. The somewhat reduced point
estimate of the family-specific variance component compared to the CHOP pa-
rameter further implies that this intra-person correlation is partly captured by σ2

r

when pj is omitted from the regression. However, a Hausman test, depicted in the
bottom right corner of Table 4, comparing HI and CHOP rejects the necessity
of adding the individual-specific random effect to obtain consistent estimates at
the 5 % significance level. Additionally, the consistency of OP is clearly rejected
compared to both alternatives.

Finally, depicted in Tables 6 and 7, we compare the marginal effects of OP ,
CHOP and HI for the two extreme answer categories.19 The marginal effects of
the benchmark model differ substantially from the suggested alternatives. Firstly,
OP supports the popular claim that citizens living in Eastern Germany are more
likely to be very concerned and less likely to be not concerned about immigration
at all, though at moderate levels. It is, however, rebutted by the family-effect
models. With respect to age, the benchmark model indicates that the least wor-
ried part of the population are the very young. CHOP and HI, however, suggest
that worries decrease monotonically in age. The effects of equivalent household
income, included as a proxy for social status, are almost identical in all models.
With respect to gender as well as marital status and unemployment status the
models exhibit similarly small and insignificant effects.

We now turn to the most emphasized impacts in the literature, educational
attainment and labor income. The benchmark model seems to substantially exag-
gerate their importance in explaining variation in attitudes towards immigration.

18The sole exception is the significance of Hauptschule in the OP specification which is in-
significant in the OL case.

19Results of the middle category are available upon request.
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Whereas the income effects are very close to zero for the more complex models
(and insignificant for HI) , OP finds two to three times larger effects in line with
the first welfare-state scenario predictions of Facchiniy and Mayda (2006). Fur-
thermore, while sign and significance of the education indicators coincide in all
models20, OP suggests significantly stronger impacts of the two highest educa-
tional classes, in particular on being not concerned about immigration at all. The
impacts of having finished high school (Abitur) or completed a university degree
are again roughly twice as large as the CHOP effects and even three times as large
as the HI impacts.

In Tables 8 to 12 of the Appendix we depict our findings using the subsam-
ple from 2002 to 2004 only. In this way, we want to relax the assumption of
time-invariance of parameters imposed on all models. Although point estimates
(in particular for the age profiles) and significance vary to some extent, the latter
probably partly induced by the loss of efficiency, the general pattern remains un-
changed. In particular, all Hausman tests give rise to the same conclusions. Hence,
we are confident that pooling six waves of data and assuming constant parametric
relationships over this time horizon is adequate for the data at hand.

5 Conclusions

In this study we illustrate how the special structure of siblings data can be ex-
ploited to control for unobservable factors when analyzing the determinants of
attitudes towards immigration. In particular, we argue that home education, the
parental impact on attitude formation of their children via the transmission of
their knowledge, their morals, and their weltanschauung is correlated with observ-
able factors. This in turn renders estimates of benchmark models applied in the
literature inconsistent.

Utilizing six waves of the GSOEP we find support for this concern. Hausman
tests indicate that compared to two alternative identification strategies the typi-
cally used ordered logit and probit models yield inconsistent parameter estimates.
Furthermore, we find no systematic difference between point estimates obtained
from the alternative approaches, fixed effects ordered logit and Chamberlain’s ran-
dom effects ordered probit/logit, according to a Hausman test.

Finally, we assess how the omission of the family specific characteristics affects
the estimation results in terms of the interpretation of the determinants. To this

20The exceptions are the significant marginal effects of the lowest education group in the
CHOP model.

14



end, we compare the marginal effects of the benchmark ordered probit model with
the Chamberlain estimates. With respect to several regressors the benchmark
model yields misleading results. Furthermore, impacts of variables supposed to
proxy labor market and welfare concerns caused by immigration are strongly ex-
aggerated compared to marginal effects obtained from the models controlling for
unobservable effects such as home education.

To summarize, all our evidence suggests that the standard models employed in
most of the empirical literature analyzing the determinants of attitudes towards
immigration yield inconsistent estimates of their impacts. The results of existing
studies should therefore be interpreted cautiously as long as they do not control
for home education.
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-Force in Europe - 2005 compared to Estimates for 2050

Table 1.—Distribution of Observations by Family

Size and Year

Family Members Observed per Year Total
Year 1 2 3 4 5 6
1999 166 840 156 52 10 6 1,230
2000 204 1,018 192 52 15 12 1,493
2001 233 984 171 48 20 6 1,462
2002 204 1,072 186 44 30 - 1,536
2003 206 1,054 204 36 30 6 1,536
2004 181 1,042 225 44 25 6 1,523
Total 1,194 6,010 1,134 276 130 36 8,780
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Table 2.—Summary Statistics

Dependent Variable Frequency Percent
Worries about immigration

Very Concerned 2,355 26.82
Somewhat Concerned 4,040 46.01
Not Concerned At All 2,385 27.16

Regressors Mean Std. Dev.
East 0.26 0.44
Female 0.46 0.50
Age 26.95 6.59
Married 0.23 0.42
Unemployed 0.05 0.21
Household Equivalent Income (HEI) 18,017 13,304
Individual Labor Income (ILI) 15,277 17,581
Educational Attainment

Hauptschule (or less) 0.24 0.43
Realschule 0.39 0.49
Abitur 0.25 0.43
University Degree 0.12 0.32

Observations 8,780
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Table 3.—Determinants of Worries about

Immigration - Logistic Error Models

Regressor OL FE CHOL

β̂ γ̂

East -0.2310** -0.0822 -0.0264 -0.3822
(0.0488) (0.2703) (0.1684) (0.2139)

Female 0.0448 0.0436 0.0347 -0.0217
(0.0427) (0.1058) (0.0687) (0.1651)

Age Groups
16 to 20 0.2178** 0.0541 0.0763 0.3497

(0.0653) (0.1028) (0.0810) (0.3105)
26 to 30 -0.0867 0.2379* 0.1971* -0.7459*

(0.0570) (0.1107) (0.0819) (0.3262)
31 to 35 -0.0041 0.4228* 0.3538** -0.2033

(0.0732) (0.1749) (0.1191) (0.3406)
36 to 55 0.1401 0.6839** 0.6191** -0.5151

(0.0837) (0.2379) (0.1539) (0.3823)
Married -0.0776 -0.1002 -0.0943 0.0507

(0.0584) (0.1305) (0.0833) (0.2517)
Unemployed 0.0032 0.0288 -0.0774 0.3681

(0.0966) (0.1331) (0.1161) (0.5244)
HEI/1, 000 0.0054** 0.0117* 0.0092** -0.0053

(0.0019) (0.0048) (0.0031) (0.0052)
ILI/1, 000 -0.0091** -0.0065 -0.0054* -0.0161**

(0.0015) (0.0035) (0.0022) (0.0062)
Educational Attainment

Hauptschule (or less) -0.1102* -0.1305 -0.1909* 0.1369
(0.0550) (0.1432) (0.0919) (0.2046)

Abitur 0.7745** 0.4561** 0.4828** 0.8152**
(0.0538) (0.1463) (0.0910) (0.2027)

University Degree 1.2761** 0.7798** 0.8275** 1.4041**
(0.0736) (0.2065) (0.1234) (0.2838)

Family Variance σ̂2

r - - 1.8630**
(0.1278)

Observations 8,780 8,287 8,780
Abbreviations refer to different estimation strategies: OL: Ordered Logit, FE: Fixed effects ordered

logit, CHOL: Chamberlain’s random effects ordered logit. ** significant at 1%, * significant at 5%

level. Standard errors in parentheses (robust for OL and FE). Year dummies included.
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Table 4.—Hausman Tests

FE vs. OL CHOL vs. OL FE vs. CHOL
χ2(18) 151.39 95.82 5.18
Prob>χ2 0.0000 0.0000 0.9986

CHOP vs. OP HI vs. OP HI vs. CHOP
χ2(18) 98.90 73.30 43.60

§

Prob>χ2 0.0000 0.0000 0.0660
§ This test has 31 degrees of freedom.

Abbreviations refer to different estimation strategies: OL: Ordered logit, FE: Fixed

effects ordered logit, CHOL: Chamberlain’s random effects ordered logit, OP: Ordered

probit, CHOP: Chamberlain’s random effects ordered probit, HI: Hierarchical random

effects ordered probit.
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Table 5.—Determinants of Worries about

Immigration - Normal Error Models

Regressor OP CHOP HI

β̂ γ̂ β̂ γ̂

East -0.1371** -0.0012 -0.2316 0.0201 -0.2868
(0.0290) (0.0980) (0.1243) (0.1371) (0.1656)

Female 0.0273 0.0180 -0.0149 0.0348 -0.0213
(0.0253) (0.0367) (0.0956) (0.0719) (0.1275)

Age Groups
16 to 20 0.1303** 0.0446 0.1957 0.0542 0.2317

(0.0382) (0.0469) (0.1798) (0.0586) (0.2184)
26 to 30 -0.0519 0.1150* -0.4425* 0.1306* -0.5783*

(0.0342) (0.0478) (0.1890) (0.0629) (0.2308)
31 to 35 -0.0035 0.2065** -0.1081 0.2594** -0.1747

(0.0432) (0.0692) (0.1975) (0.0978) (0.2449)
36 to 55 0.0814 0.3587** -0.3019 0.3830** -0.3176

(0.0496) (0.0894) (0.2219) (0.1317) (0.2777)
Married -0.0493 -0.0572 0.0332 -0.0460 -0.0053

(0.0347) (0.0484) (0.1459) (0.0712) (0.1808)
Unemployed 0.0005 -0.0540 0.2290 -0.0280 0.2373

(0.0572) (0.0678) (0.3046) (0.0772) (0.3686)
HEI/1, 000 0.0033** 0.0054** -0.0030 0.0054* -0.0030

(0.0011) (0.0018) (0.0031) (0.0022) (0.0037)
ILI/1, 000 -0.0055** -0.0032* -0.0096** -0.0028 -0.0121**

(0.0009) (0.0013) (0.0036) (0.0018) (0.0044)
Educational Attainment

Hauptschule (or less) -0.0597 -0.1098* 0.0856 -0.0332 0.0161
(0.0324) (0.0528) (0.1183) (0.0863) (0.1534)

Abitur 0.4624** 0.2874** 0.4736** 0.2593** 0.6713**
(0.0318) (0.0532) (0.1176) (0.0863) (0.1535)

University Degree 0.7638** 0.4892** 0.8208** 0.3190** 1.3342**
(0.0438) (0.0717) (0.1642) (0.1156) (0.2133)

Family Variance σ̂2

r - 0.6262** 0.5331**
(0.0421) (.0640)

Individual Variance σ̂2

p - - 0.9148**
(0.0670)

Abbreviations refer to different estimation strategies: OP: Ordered probit, CH: Chamberlain’s random effects ordered

probit, HI: Hierarchical random effects ordered probit. 8,780 Observations. ** significant at 1%, * significant at 5%

level. Standard errors in parentheses (robust for OP). Year Dummies included.
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Table 6.—Marginal Effects for ’Being very

concerned about Immigration’

Regressor OP CH HI
East 0.0452** 0.0003 -0.0041
Female -0.0088 -0.0044 -0.0070
Age Groups

16 to 20 -0.0409** -0.0107 -0.0109
26 to 30 0.0169 -0.0275* -0.0260*
31 to 35 0.0011 -0.0485** -0.0506**
36 to 55 -0.0257 -0.0815** -0.0728**

Married 0.0160 0.0140 0.0093
Unemployed -0.0002 0.0132 0.0057
HEI/1, 000 -0.0011** -0.0013** -0.0011*
ILI/1, 000 0.0018** 0.0008* 0.0006
Educational Attainment

Hauptschule (or less) 0.0194 0.0270* 0.0067
Abitur -0.1371** -0.0674** -0.0510**
University Degree -0.1949** -0.1080** -0.0613**

Abbreviations refer to different estimation strategies: OP: Ordered probit, CHOP:

Chamberlain’s random effects ordered Probit. 8,780 Observations. ** significant

at 1%, * significant at 5% level. Year dummies included.

Table 7.—Marginal Effects for ’Being not

concerned at all about Immigration’

Regressor OP CH HI
East -0.0437** -0.0003 0.0041
Female 0.0089 0.0044 0.0072
Age Groups

16 to 20 0.0435** 0.0110 0.0112
26 to 30 -0.0167 0.0286* 0.0273*
31 to 35 -0.0011 0.0521** 0.0550**
36 to 55 0.0270 0.0925** 0.0826**

Married -0.0159 -0.0140 -0.0094
Unemployed 0.0002 -0.0131 -0.0057
HEI/1, 000 0.0011** 0.0013** 0.0011*
ILI/1, 000 -0.0018** -0.0008* -0.0006
Educational Attainment

Hauptschule (or less) -0.0192 -0.0266* -0.0068
Abitur 0.1599** 0.0725** 0.0546**
University Degree 0.2810** 0.1282** 0.0684**

Abbreviations refer to different estimation strategies: OP: Ordered probit, CHOP:

Chamberlain’s random effects ordered Probit. 8,780 Observations. ** significant

at 1%, * significant at 5% level. Year dummies included.
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Appendix (not to be included in the paper)

Table 8.—Determinants of Worries about

Immigration - Logistic Error Models

Regressor OL FE CHOL

β̂ γ̂

East -0.1831** -0.0042 0.0710 -0.4390
(0.0678) (0.3430) (0.2375) (0.2807)

Female -0.0077 -0.0868 -0.0848 0.1353
(0.0591) (0.1276) (0.0905) (0.1897)

Age Groups
16 to 20 0.2629** 0.1561 0.1481 0.1939

(0.0957) (0.1553) (0.1277) (0.3247)
26 to 30 -0.0864 0.3630* 0.3683** -1.0196**

(0.0785) (0.1476) (0.1213) (0.2952)
31 to 36 -0.0590 0.1735 0.2131 -0.1409

(0.1008) (0.2396) (0.1771) (0.3302)
36 to 55 0.0325 0.4349 0.4673* -0.5584

(0.1078) (0.2983) (0.2233) (0.3687)
Married -0.0459 0.0445 0.0231 -0.0418

(0.0812) (0.1736) (0.1257) (0.2592)
Unemployed 0.0011 -0.0170 -0.1050 0.4243

(0.1251) (0.1857) (0.1658) (0.4905)
HEI/1, 000 0.0039* 0.0133* 0.0103** -0.0083

(0.0018) (0.0058) (0.0037) (0.0056)
ILI/1, 000 -0.0077** -0.0048 -0.0037 -0.0131*

(0.0018) (0.0038) (0.0029) (0.0061)
Educational Attainment

Hauptschule (or less) -0.1024 -0.2466 -0.2551 0.1975
(0.0780) (0.1855) (0.1416) (0.2439)

Abitur 0.7534** 0.3535 0.4173** 0.8606**
(0.0733) (0.1825) (0.1315) (0.2335)

University Degree 1.1666** 0.6959** 0.8461** 1.0559**
(0.0957) (0.2470) (0.1753) (0.3049)

Family Variance σ̂2

r - - 1.9445**
(0.1664)

Observations 4,595 4,022 4,595
Abbreviations refer to different estimation strategies: OL: Ordered Logit, FE: Fixed effects ordered

logit, CHOL: Chamberlain’s random effects ordered logit. ** significant at 1%, * significant at 5%

level. Standard errors in parentheses (robust for OL and FE). Year dummies included.

25



Table 9.—Hausman Tests

FE vs. OL CHOL vs. OL FE vs. CHOL
χ2(15) 103.46 75.14 2.98
Prob>χ2 0.0000 0.0000 0.9996

CH vs. OP HI vs. OP HI vs. CH
χ2(15) 80.35 47.14 27.77

§

Prob>χ2 0.0000 0.0000 0.4766
§ This test has 28 degrees of freedom.

Abbreviations refer to different estimation strategies: OL: Ordered logit, FE: Fixed

effects ordered logit, CHOL: Chamberlain’s random effects ordered logit, OP: Ordered

probit, CHOP: Chamberlain’s random effects ordered probit, HI: Hierarchical random

effects ordered probit.
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Table 10.—Determinants of Worries about

Immigration - Normal Error Models

Regressor OP CHOP HI

β̂ γ̂ β̂ γ̂

East -0.1107** 0.0450 -0.2562 -0.0531 -0.2018
(0.0402) (0.1370) (0.1621) (0.2197) (0.2460)

Female -0.0043 -0.0515 0.0786 -0.0515 0.0823
(0.0350) (0.0521) (0.1098) (0.0936) (0.1551)

Age Groups
16 to 20 0.1526** 0.0826 0.1104 0.1105 0.1537

(0.0559) (0.0737) (0.1876) (0.1013) (0.2427)
26 to 30 -0.0491 0.2147** -0.5942** 0.2220* -0.7207**

(0.0470) (0.0704) (0.1712) (0.0994) (0.2243)
31 to 35 -0.0338 0.1224 -0.0771 0.1428 -0.1095

(0.0592) (0.1024) (0.1913) (0.1505) (0.2574)
36 to 55 0.0171 0.2609* -0.3161 0.2245 -0.2725

(0.0639) (0.1286) (0.2137) (0.1955) (0.2944)
Married -0.0278 0.0086 -0.0151 -0.0221 0.0137

(0.0479) (0.0726) (0.1500) (0.1133) (0.2035)
Unemployed -0.0006 -0.0719 0.2722 -0.0438 0.3012

(0.0745) (0.0962) (0.2847) (0.1155) (0.3636)
HEI/1, 000 0.0024* 0.0061** -0.0048 0.0078** -0.0063

(0.0011) (0.0022) (0.0033) (0.0027) (0.0041)
ILI/1, 000 -0.0048** -0.0022 -0.0078* -0.0011 -0.0123**

(0.0011) (0.0017) (0.0035) (0.0025) (0.0047)
Educational Attainment

Hauptschule (or less) -0.0568 -0.1424 0.1080 -0.1049 0.0510
(0.0458) (0.0811) (0.1409) (0.1450) (0.2057)

Abitur 0.4478** 0.2419** 0.4995** 0.3140* 0.6453**
(0.0434) (0.0765) (0.1354) (0.1298) (0.1933)

University Degree 0.7004** 0.4999** 0.6163** 0.6273** 0.8227**
(0.0571) (0.1015) (0.1765) (0.1711) (0.2523)

Family Variance σ̂2

r - 0.6527** 0.6146**
(0.0544) (0.0891)

Individual Variance σ̂2

p - - 1.1189**
(0.1079)

Abbreviations refer to different estimation strategies: OP: Ordered probit, CH: Chamberlain’s random effects ordered

probit, HI: Hierarchical random effects ordered probit. 4,595 Observations. ** significant at 1%, * significant at 5%

level. Standard errors in parentheses (robust for OP). Year Dummies included.
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Table 11.—Marginal Effects for ’Being very

concerned about Immigration’

Regressor OP CH HI
East 0.0353** -0.0107 0.0099
Female 0.0013 0.0123 0.0096
Age Groups

16 to 20 -0.0458** -0.0195 -0.0202
26 to 30 0.0155 -0.0496** -0.0401*
31 to 35 0.0107 -0.0287 -0.0260
36 to 55 -0.0053 -0.0594* -0.0404

Married 0.0087 -0.0021 0.0041
Unemployed 0.0002 0.0175 0.0082
HEI/1, 000 -0.0008* -0.0015** -0.0015**
ILI/1, 000 0.0015** 0.0005 0.0002
Educational Attainment

Hauptschule (or less) 0.0179 0.0347 0.0197
Abitur -0.1288** -0.0561** -0.0565*
University Degree -0.1765** -0.1075** -0.1049**

Abbreviations refer to different estimation strategies: OP: Ordered probit, CHOP:

Chamberlain’s random effects ordered Probit. 4,595 Observations. ** significant

at 1%, * significant at 5% level. Year dummies included.

Table 12.—Marginal Effects for ’Being not

concerned at all about Immigration’

Regressor OP CH HI
East -0.0364** 0.0115 -0.0105
Female -0.0014 -0.0131 -0.0102
Age Groups

16 to 20 0.0526** 0.0213 0.0223
26 to 30 -0.0163 0.0562** 0.0451*
31 to 35 -0.0112 0.0318 0.0289
36 to 55 0.0058 0.0690* 0.0458

Married -0.0093 0.0022 -0.0044
Unemployed -0.0002 -0.0181 -0.0087
HEI/1, 000 0.0008* 0.0016** 0.0016**
ILI/1, 000 -0.0016** -0.0006 -0.0002
Educational Attainment

Hauptschule (or less) -0.0188 -0.0357 -0.0207
Abitur 0.1578** 0.0632** 0.0640*
University Degree 0.2595** 0.1363** 0.1332**

Abbreviations refer to different estimation strategies: OP: Ordered probit, CHOP:

Chamberlain’s random effects ordered Probit. 4,595 Observations. ** significant

at 1%, * significant at 5% level. Year dummies included.

28




