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Abstract

Certain case studies require the estimation of discrete choice models with a very
large number of alternatives and attributes, which in turn increases the compu-
tational cost. This challenge becomes even more pronounced in the family of
Multivariate Extreme Value (MEV) models such as the cross-nested logit (CNL)
model due to the additional complexity in the model specification. In this study,
we investigate the use of sampling of alternatives to make the estimation of MEV
models more tractable. Using migration aspiration data, we assess how differ-
ent sampling protocols and sample sizes approximate the parameters of the full
choice set model. Our results show that importance sampling strategies informed
by observed choice frequencies outperform random sampling, providing more sta-
ble estimates even with small subsets of alternatives. These findings highlight
that carefully designed sampling can substantially reduce estimation time without
compromising accuracy, thereby making MEV models a practical tool for study-
ing migration destination choice.

Keywords: Sampling of alternatives, stratified importance sampling, cross-nested
logit model, migration



1 Introduction

Various choice modelling applications require the estimation of models with a
large number of alternatives and attributes; residential location, workplace, route
choice, or activity locations are some typical examples (Lee and Waddell, 2010;
Maet al., 2017; Lai and Bierlaire, 2015). For these types of case studies, the com-
putational cost can be very high, resulting in long estimation times; hence, model
estimation using the full choice set is impractical. McFadden (1978) demonstrated
that it is possible to obtain consistent parameter estimates of a logit model using
sampling of alternatives, i.e., a subset of the full choice set. Estimation under sam-
pling involves the use of an adjusted version of the likelihood function with the
addition of a correction term to the utility function. The initial implementation of
McFadden (1978) has been further advanced to account for more complex discrete
choice models. Two of the most notable contributions are Guevara and Ben-Akiva
(2013a) and Guevara and Ben-Akiva (2013b), who extended the approach for logit
mixtures and generalised multivariate extreme value (MEV) models, respectively.
With respect to the latter, Bierlaire et al. (2008) initially introduced the sampling
of alternatives framework for MEV models (which was later implemented by Gue-
vara and Ben-Akiva (2013b)). Daly et al. (2014) suggested a simplification of the
Guevara and Ben-Akiva (2013b) method for easier practical implementation in
the case of the nested logit model. Finally, Lee and Waddell (2010) proposed an
approach by correcting for the sample proportion within each nest.

Regarding implementation, the first step of the sampling of alternatives re-
quires the design of the sampling protocol. At this stage, the researcher decides
(a) which procedure to follow for the sampling of the alternatives (whether some
alternatives should be given a higher probability to be sampled than others) and (b)
the number of alternatives to sample from the full choice set. Sampling of alterna-
tives inevitably leads to some bias in the parameter estimates (Daly et al., 2014);
however, the design of an effective sampling protocol could limit such deviations
even when fewer alternatives are sampled, which, in turn, can reduce the estima-
tion time. In the literature, several approaches have been proposed with respect to
the development of the sampling protocols. The simplest procedure is pure ran-
dom sampling; each alternative has an equal probability of being included in the
choice set. The main limitation of random sampling is that the sampled alterna-
tives can be irrelevant to the chosen; therefore, the model assigns a higher proba-
bility to the chosen alternative, compared to the other sampled alternatives, dimin-
ishing the overall explanatory power and failing to capture meaningful trade—offs
(Tsoleridis et al., 2022). The limited number of close substitutes for the chosen
alternative, in small choice sets, means that a random sampling protocol generally
requires larger choice sets to reach the same level of accuracy as other sampling



procedures, such as importance sampling (Nerella and Bhat, 2004). Importance
sampling is a commonly used approach to overcome the limitations of random
sampling. The modeller can assign a higher probability to certain alternatives to
be sampled. One particular implementation is the stratified importance sampling
which involves the stratification of the alternatives, typically based on certain at-
tributes. Once the strata are defined, the next step requires a decision on the
number of alternatives to be sampled from each stratum. For example, drawing
many alternatives from a stratum with a relatively small number of alternatives
significantly increases their probability of being observed in the sampled choice
set.

The concept of importance sampling is particularly relevant in the context
of location choice models, where the number of potential alternatives may be
prohibitive for full choice set model estimation. In these applications (for ex-
ample, residential location choice), the sampling of alternatives is typically im-
plemented with distance-based criteria. For instance, Farooq and Miller (2012)
suggested sampling the majority of alternatives within a given radius from the ori-
gin. Leite Mariante et al. (2018) also constrained the choice sets based on detour
factors, while studies such as Li et al. (2005) or Tsoleridis et al. (2022) defined
strata based on some distance—based metrics to then implement stratified impor-
tance sampling. For MEV models, Guevara and Ben-Akiva (2013b) explicitly
used stratified importance sampling to ensure that each of the nests in the model
specification was adequately represented. Frejinger et al. (2009) suggested an im-
portance sampling protocol for a logit model with a path size formulation where
every link was drawn from a probability distribution given a weight associated
with it. Lai and Bierlaire (2015) later extended the framework for the cross—
nested logit (CNL) model, building on Guevara and Ben-Akiva (2013b).

Except for the typical case studies on location or destination choices, such as
residential location or workplace, migration aspiration choices are another exam-
ple for which sampling of alternatives could be considered. The topic of migration
aspirations involves a large choice set (close to 200 sovereign countries) and a long
list of attributes. The question of the number of people who migrate, their individ-
ual characteristics, and their destination have been extensively investigated in the
literature using discrete choice models (Bekaert et al., 2021; Docquier et al., 2020;
Bertoli and Ruyssen, 2018; Gubert and Senne, 2016; Lovo, 2014 to name a few),
and in particular the logit model. The logit model specification assumes inde-
pendence from irrelevant alternatives (IIA), which implies that cross-elasticities
due to the change of an attribute in one destination are identical for all alterna-
tives. However, individuals are expected to substitute their choice in favour of
certain locations. This behaviour could be due to factors such as language, reli-



gion, visa restrictions, and others. Certain studies have implemented more elabo-
rate model specifications to address the deviations from the IIA. The most popu-
lar approach to capture substitution patterns between countries is the nested logit
model (Bertoli and Moraga, 2013; Ortega and Peri, 2013; Buggle et al., 2020;
Monras, 2018; Langella and Manning, 2021). More recently, Beine et al. (2025),
implemented a cross-nested logit (CNL) model to investigate the migration aspi-
rations of Indian individuals while some similar specifications were also adopted
later in other studies such as Beine et al. (2024) and Baud et al. (2024). However,
the benefits of the CNL model in the context of migration aspirations come at the
cost of a high computational cost and longer estimation time.

Drawing on the CNL model specifications used in previous research on mi-
gration aspirations, we examine a similar case study to assess how sampling of
alternatives affects parameter estimates, model fit, and estimation time. Despite
the extensive use of sampling of alternatives, especially in logit and logit mixture
models (McConnell and Tseng, 1999; Nerella and Bhat, 2004; Lemp and Kockel-
man, 2012; Leite Mariante et al., 2018; Becker et al., 2025; Dekker et al., 2025,
to name a few), MEV models have received less attention. Apart from the origi-
nal work by Guevara and Ben-Akiva (2013b), only a few examples can be found,
such as the study of Zhong et al. (2025) who implemented sampling of alterna-
tives in the framework of a multilevel nested logit model for the joint decision of
workplace, residential choice, and type of house or the work of Lai and Bierlaire
(2015) who used sampling of alternatives in the context of route choice. However,
to the best of our knowledge, no studies have examined in detail how different
sampling protocols affect CNL models using empirical data. In this paper, we aim
to address this gap in the literature. Our main research objectives are as follows:

* Assess the influence of sampling protocols on model accuracy: We expect
that assigning higher sampling probabilities to alternatives more relevant to
the observed choices improves model accuracy for a given sample size. In
the context of migration aspirations, this can be implemented by oversam-
pling destinations that are chosen more frequently in the data.

* Examine the effect of sample size on model accuracy and estimation time:
For a given sampling procedure, we anticipate that larger sample sizes im-
prove model accuracy, at the expense, however, of longer estimation times.
It is therefore important to evaluate the extent of this trade—off and identify
the sample size that offers balance between accuracy and computational
cost.

* Investigate how the complex substitution patterns of the CNL model are
preserved: The scale parameters of the nests may be affected, given that
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some nests may be over— or underrepresented.

The remainder of the paper is organised as follows. Section 2 describes the
general methodology of the study. Section 3 outlines the experimental design.
Sections 47 present the main analysis and results. The paper concludes with the
lessons learned and recommendations (Section 8), and a brief discussion (Section
9).

2 Methodology

2.1 Formulation of the CNL model

Under the assumption that migration aspiration choices are based on utility max-
imisation, we can define the utility of a destination in the form of a linear function
as:

uin - Vin + €in, (1)

where Vj, represents the deterministic part of the utility related to an individual
n for a potential location i, while ¢ is a disturbance term. In order to capture
more complex patterns among the disturbance terms (i.e. correlations among the
unobserved characteristics of destinations), we adopt the generating function G
of the CNL model specification — which is a Multivariate Extreme Value model
(MEV) that stems from the random utility approach. For an individual n, the
probability of choosing 1 (among ]) destinations is expressed as:

Vin+In Gin
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where G, is a generating function that is specific to each member of the MEV
family. For the CNL model, we define In G, as:

)
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where the choice set C, is divided into M overlapping subsets of destinations
(m=1,....,.M), & > 0, ulm < 1 (w>0 and py,, > 0) and Vj, I3m such that
®m > 0. In Eq. 3, the parameters pi,s capture the similarity between the alterna-
tives within nest m. The oy, is a participation parameter that denotes the extent
to which a destination j is part of the nest m. In the CNL model, p,, and oy,
jointly capture the correlation between the destinations. For identification, one of
the scale parameters must be normalised; it is common practice to set L= 1.



2.2 Sampling of alternatives

The sampling of alternatives is a technique used to approximate the likelihood
function without enumerating the entire choice set. For each individual n, we
denote by C,, their full choice set, which contains J,, alternatives. We can assume,
without loss of generality, the same full choice set C for all individuals. The choice
probability for the alternative 1 is then

Pu(i|C;0) “4)

where 0 is a vector of parameters to be estimated. The maximum likelihood esti-
mation procedure for C amounts to solving the following optimization problem:

N
max Z InP,(i|C;0) (5)

n=1

Sampling of alternatives assigns to the individual n a subset of alternatives
denoted as D, with J, alternatives (J, < J.). We also denote as (D, | 1)
the probability of generating the subset D, , given that the choice is 1. Follow-
ing the aforementioned approach, it is only possible to maximise the conditional
likelihood function rather than the true likelihood

N

mgxglnPn(lan,C;e). (6)

The joint probability of constructing a subset D, and the choice probability is
derived as

7Tn(i ’ Dn;e) = 7Tn(,Dn | l) Pn(i | C,E)) (7

Following the Bayes’ theorem, we get

T (Dn [ 1) Pu(i]C;0)

(1] Dn; 0) = 5 (8)
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The logit model probability is defined as
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If we insert Eq. 9 into Eq. 8, the denominator of Eq. 9 cancels out and we obtain
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The probability in Eq. 10 no longer depends on the full choice set C. The logit
model can now be estimated on the sampled alternatives by including the cor-
rection term In 71, (D, ]j) in the utility functions. The correction term can also be
considered as a penalty added to the utility, since 7t,,(Dy|1) is constrained between
0 and 1 and hence its logarithm will always have a negative value (a lower prob-
ability of sampling a choice set results in a larger penalty in the utility function).
The interested reader is referred to Ben-Akiva and Lerman (1985) for further de-
tails.

The derivation for MEV models is similar; by substituting Eq. 2 into Eq. 8,
we obtain

eVin +In Gin+In 7t (Dn i)

i 11
Z. ernJrln Gjn+1In 7t (Dnlj) ( )
j€Dn

T (1] Dn; 0) =

However, Eq. 3 and Eq. 11 suggest that the choice probability still depends
on the entire choice set, since Gj, is expressed as a function of the full choice set
Cn. Guevara and Ben-Akiva (2013a) proposed an approximation of the Gj,, by
including an additional weight in its specification as

Hm Hm
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where:

1

7(j)

is the probability to sample the alternative j in the sample D, and C,,, is the nest
m. Equations 11 and 12 indicate that the implementation of sampling of alterna-
tives in MEV models requires a repetition of the sampling procedure; the subset
D,, is used to approximate the denominator of the choice model, while the sub-
set Dg,, is used to approximate each nest. There are two important differences
when implementing the sampling of these two subsets. First, it is not necessary
to partition the full choice set in D¢, . Alternatives that are alone in a nest do not
contribute to the calculation of the MEV terms, and can therefore be excluded.
Second, the chosen alternative does not play any role in the sampling procedure
of Dg, , for example, it may not belong to any of the nests. Hence, unlike in the
sampling procedure of D, it is not required to be sampled. The exact implemen-
tation of the sampling procedure is discussed in more detail in Section 2.3.
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The sampling algorithm

Random sampling and importance sampling are two of the most common sam-
pling approaches. In the latter, the modeller splits the alternatives into strata using
a set of deterministic rules, typically derived from the characteristics of the prob-
lem at hand. The sample size within each stratum is then decided in order to give
a higher probability for some alternatives to be sampled, over others. It should
be noted that each alternative can be assigned to one stratum only. The process
of sampling of alternatives can be summarised as follows (the interested reader is
referred to Bierlaire and Paschalidis (2023) for more details):

1.
2.

5.

6.

Partition the full choice set into K strata of size Ry : | = ZE:1 Ry.

Define a number 1 which represents the number of alternatives to be sam-
pled from each stratum, D, : 2521 T.

. Denote k(1) the stratum containing the chosen alternative 1.

. Randomly draw 7y, — 1 alternatives among the non chosen ones in stratum

k(i) and add 1 to obtain D, (1).

Randomly draw 1y alternatives in each stratum k, k # k(i) to obtain D,,.

Compute the correction factor In 7t(D[i) = In Ry —In i3 ( E:((ll)) o 7t(Drli)).

This process is initially used to generate the sample and the correction terms
used in the utility functions, as in Eq. 10. For the CNL (or any MEV model), the
process is repeated to generate D¢, . The steps of this second sampling procedure
are similar; however, with some key differences as follows:

* It is not necessary to partition the full choice set; alternatives that are alone

in a nest do not contribute to the generating function and can be excluded.
In this case, the full choice set is the set of alternatives that belong to at least
one nest with more than one alternative.

* The chosen alternative does not play any role in the sampling procedure.

As a consequence, the modeller does not have to include the choice in the
generated samples.

* Every nest must be represented. A common issue that may arise, especially

in the case of pure random sampling at lower sample sizes, is that no alter-
natives are sampled for one or more nests. In such cases, it is not possible
to estimate the scale parameter of these nests.



* The correction term is calculated as wj,, = %(5) = .') .

The above-mentioned process has been implemented in Biogeme (Bierlaire,
2003; Bierlaire and Paschalidis, 2023).

3 Data, experimental design and preliminary anal-
ysis

3.1 Data

In the current study, we used data from the Gallup World Poll survey to obtain
migration aspiration choices. The data are representative of about 95% of the
world’s population over the age of 16 years, at the national level, and cover sev-
eral topics such as religion, politics, economy, and others. Migration aspirations
are collected with the question: "Ideally, if you had the opportunity, would you
like to move permanently to another country, or would you prefer to continue liv-
ing in this country?" Destination preferences are only inquired conditional on an
existing aspiration to emigrate with the question: "To which country would you
like to move?" For our analysis, we considered data between the years 2009 and
2017. Moreover, the Gallup World Poll survey data were further augmented with
destination—specific attributes closely following the work of Beine et al. (2025).
The main additional destination attributes are measures for the diaspora in a coun-
try, the distance from the respondents’ origin country, GDP per capita, and others.

We extracted data from five different origin countries, namely Austria, Den-
mark, Mexico, New Zealand, and Afghanistan. Our objective was to consider
datasets that exhibit different patterns in the choice of destination. In particular,
the Austria and Denmark samples did not show a very strong preference for partic-
ular destinations. By contrast, in the samples of Mexico and New Zealand, there
was a clear preference for one specific destination, the United States and Australia,
respectively. In these cases, aspirations may be shaped by factors such as histor-
ical migration ties and established migrant networks (Mexico—United States) or
geographical isolation (New Zealand—Australia). Finally, no dominant options
were observed in the Afghanistan sample; however, respondents preferred several
countries with different characteristics not observed in the other samples, includ-
ing several non—OECD destinations. The latter is also not part of any of the nests
in the CNL model specification adopted in this study (see Section 3.3 for more
details).

Table 1 outlines some basic characteristics per origin country with respect to



the number of aspirant emigrants, the proportion they represent in the total sample,
and the number of different countries individuals mentioned as potential destina-
tions. In particular, the column related to the percentage of aspirants (aspirants %)
indicates the proportion of individuals aspiring to migrate in each of the samples.
For example, in the Austria sample, 7.76% of the individuals (equally 670 out of
the total of 8632) aspired to move abroad. The column "Distinct destinations"
presents the total number of different countries that were reported as a potential
destination in each of the five samples.

Table 1: Sample size characteristics

Country Aspirants (N) Aspirants (%) Distinct destinations
Austria 670 7.762 76
Denmark 916 10.79 74
Mexico 1626 17.74 64
New Zealand 695 9.944 42
Afghanistan 2212 25.61 40

Table 2 presents the number of times a country with some specific attributes
was chosen. These attributes are OECD membership, Schengen membership, En-
glish as an official language, and their counterparts. These are the same attributes
used for the nest specification of the CNL models in existing research (Beine
et al., 2024; Baud et al., 2024). Overall, the data suggest a pronounced preference
of OECD countries over non-OECD countries. Regarding the Mexico sample,
there is also a preference towards non-Schengen countries. However, as we see
in Table 3, this outcome arises due to the significant preference of this sample for
choosing the United States as a potential destination.

Table 2: Sample choices

Country English non-English OECD non-OECD Schengen non-Schengen
Austria 284 386 566 104 307 363
Denmark 339 577 816 100 481 435
Mexico 969 657 1408 218 414 1212
New Zealand 577 118 646 49 80 615
Afghanistan 783 1429 1365 847 419 1793

Table 3 summarises the 10 most popular destination choices in each sample.
We observed that specific destinations such as the United States, Spain, Germany,
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France, and the United Kingdom were among the most preferred destinations,
regardless of the origin country. In addition, some origin—specific patterns oc-
curred in the data. For example, the Mexico sample had a strong preference for
choosing the United States (41.14%) followed by Canada (13.16%), while each of
the remaining destinations was chosen by less than 10% of the sample. Similarly,
most of the New Zealand sample chose Australia (54.96%) followed by the United
Kingdom (10.36%). However, such cases where certain destinations dominated
were not found across all samples. For example, in the Austria sample, although
the United States are the most preferred destination, they are chosen by less than
12%. Moreover, in the Afghanistan sample, we observed the choice of some des-
tinations (mainly Asian or Muslim—majority countries) that did not appear in any
of the other samples. This finding further indicates the heterogeneity in the pattern
of destination choice among different origin countries.
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Table 3: Destination percentages across different samples

(a) Austria (b) Denmark
Destination % Destination %
United States 11.8% United States 17.03%
Australia 10.6% Spain 11.1%
Spain 8.81% Sweden 9.28%
Switzerland 7.01% United Kingdom  7.53%
Germany 6.87% Germany 6.99%
Canada 5.22% Norway 6.44%
United Kingdom 4.18% Italy 5.46%
Italy 4.18% France 4.69%
France 3.88% Australia 4.37%
New Zealand 3.58% Canada 3.06%

(c) Mexico (d) New Zealand
Destination % Destination %
United States 41.1% Australia 55.0%
Canada 13.2% United Kingdom 10.4%
Spain 7.01% United States 8.20%
Germany 6.64% Canada 5.76%
France 4.86% France 2.88%
Italy 2.46% Italy 2.01%
Brazil 2.28% Spain 2.01%
China 1.85% Germany 1.15%
Japan 1.72% Netherlands 1.01%
United Kingdom 1.72% Samoa 0.72%

(e) Afghanistan
Destination %
United States 14.2%
Germany 13.3%
Iran 11.8%
Turkey 9.99%
Saudi Arabia 9.63%
Canada 7.05%
United Kingdom 5.42%
Australia 5.20%
Pakistan 4.52%
United Arab Emirates 3.21%
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3.2

Overview of the experimental design

This section outlines the main elements of the experimental design of the study
(Table 4). To thoroughly investigate the impact of sampling of alternatives, we
considered five different samples, related to migration aspirations. Moreover, we
implemented both random sampling and importance sampling considering differ-
ent sample sizes for sampling D,, and D¢, . Finally, a series of different metrics
was used to evaluate the results.

Table 4: Overview of experimental design

Factors Levels

Data Origin countries: Austria, Denmark, Mexico, New

Zealand, Afghanistan

Full choice set models | —

Sampling protocols Random sampling, importance sampling (four reali-
sations)

Sample sizes D, 20, 40, 60

Sample sizes Dg,, 20, 40, 60, all

Performance indicators | Computation time, precision of parameter estimates,

goodness—of—fit

The dimensions of the experimental design can be briefly summarised as:

Data: We considered five different origin countries, namely, Austria, Den-
mark, Mexico, New Zealand and Afghanistan. Migration aspiration choices
were obtained from the Gallup World Poll survey. The details of the data
have already been presented in Section 3.1.

Full choice set models: We estimated the full choice set model for each
of the five data sets and used the results as benchmark. The results are
presented in Section 3.3

Sampling protocols: We implemented random sampling and four different
variations of importance sampling. The sampling protocols are described in
Section 3.4.

Sample size: For each protocol, we tested three different sample sizes for
the choice model subsets D,,, and four different sample sizes for the nests’
subsets Dg,,. This design resulted in 12 different combinations of sample
sizes per protocol and per sample. More details on the sampling size and its
implications are presented in Section 3.4.
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* Evaluation: We evaluated the models at different levels, such as computa-
tion time, precision of parameter estimates, and goodness—of—fit. The exact
implementation is discussed in Section 3.5.

The attribute levels of the factors in Table 4 were considered in all possible
combinations per sample; for each sample and each set of attribute levels, we
performed 100 model estimations.

3.3 Full choice set models: specification and results

Before implementing the sampling of alternatives, we estimated the CNL models
using the full choice set (199 alternatives). For simplicity, we adopted an existing
model specification (Beine et al., 2024; Baud et al., 2024) for all five samples,
since the aim was not to estimate the most representative model for each origin
country, but rather to explore the impact of sampling of alternatives. The CNL
model consists of three nests

* The English—speaking nest: English is an official language of the destina-
tion.

* The OECD nest: The destination is a member of the Organization for Eco-
nomic Co-operation and Development.

* The Schengen nest: The destination belongs to the Schengen area.

The participation parameters o, were not estimated, but instead we as-
signed their values equally between nests. For example, the destination Greece
has xopcp = schengen = 0.5 and Xgpgiishspeaking = 0. In the same way, for desti-
nation Brazil it iS XogcD = XSchengen = XEnglishSpeaking = 0. In practice, this means
that certain destinations were not assigned to any of the nests.

We assumed a linear utility specification. The explanatory variables were the
distance to the destination, the (In of the) population at the destination, the (In
of the) gross domestic product (GDP) at the destination (in USD), the diaspora,
and the constants representing the nests. Some of the independent variables were
interacted with the educational level (elementary, secondary and college) of the re-
spondents. It should be mentioned that we differentiated our model specification,
compared to the previous studies, by removing the observations of individuals not
aspiring to migrate abroad (the so-called stayers’). The latter represented the vast
majority of all the samples and were excluded in order to reduce the estimation
time. All models (both full choice and sampled alternatives) were estimated with
Biogeme 3.2.15a01 (Bierlaire, 2003).

14



The results of the full choice set model for Austria as the origin country are
presented in Table 5. The results of the rest of the full choice set models can be
found in the Appendix - Section A.1. The interpretation of the models is beyond
the scope of the current study and is not explicitly presented. The interested reader
is referred to studies that used analogous model specifications for a comprehensive
analysis and interpretation of the parameter estimates (Baud et al., 2024; Beine
et al., 2025; Beine et al., 2024).

Table 5: Parameter estimates Austria - Full choice set model

Parameter Value Rob strerr.  Rob t-stat. Robust p-value
BGDP_cduCollege 0.582 0.167 3.48 0.001
BGDP_eduBlementary 0.93 0.379 2.45 0.014
BGDP_eduSecondary 0.645 0.0925 6.97 0.000
[5eng]ishSpeakingCountries 0.301 0.429 0.701 0.483
B1ogdiaspora_eduCollege 0.289 0.0368 7.85 0.000
B1ogdiaspora_eduElementary 0.247 0.066 3.74 0.000
B1ogdiaspora_cduSecondary 0.229 0.026 8.83 0.000
Brogdist 0.547 0.0721 7.59 0.000
Biogpopul 0.154 0.0292 5.29 0.000
B3 oecdCountries 1.17 0.36 3.25 0.001
B schengenCountrics 1.51 0.239 6.31 0.000
UEnglish 1 0.102 9.77 0.000
HoECD 1.5 0.207 7.24 0.000
Wschengen 1.42 0.135 10.5 0.000
LL -2443.88

AIC 4915.754

BIC 4978.856

N 670

3.4 Sampling protocols

In the present study, we performed both random sampling and importance sam-
pling. With respect to the latter, we mainly considered OECD membership as the
main attribute for the generation of the strata, given the stronger preference to-
wards OECD countries (as shown in Table 3). Hence, the sampling procedure to
generate each choice set D,, for the correction of utilities, was carried out by over-
sampling the OECD countries, to assign to these alternatives a higher probability
of being selected. Regarding the sampling procedure of the D¢, , we generated
two main strata, namely, English—speaking and OECD. All sampling protocols
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were tested for 20, 40, and 60 alternatives in the utility function in the utility func-
tion (henceforth U) and 20, 40, 60, and all alternatives in the generating function
of the CNL model (henceforth G). Each model was estimated 100 times for every
sampling protocol and sample size.

3.4.1 Random sampling (RS)

In random sampling, each alternative has the same probability of being included
in the choice set. However, one of its disadvantages is the difficulty in recovering
the scale parameters of nests that are underrepresented (or, in extreme cases, not
represented at all) due to the nature of the sampling procedure.

3.4.2 Importance sampling 1 protocol: OECD membership (IS1)

The first sampling protocol (IS1) is based solely on OECD membership. Fol-
lowing the observed choices (Table 2), the OECD countries are potentially more
relevant and competitive to the choice. Hence, we assigned a higher probability to
these countries of being sampled. To better illustrate this protocol, in Table 6, we
present the probability that a country is sampled, conditional on being an OECD
member or not, for Austria being the origin country. Similarly, we can compute
the probabilities for any country of origin.

Table 6: Probabilities to be included in the choice set — Origin: Austria

Group (Total) Variable 20 40 60
Sampled alternatives 10 20 30

OECD (37) Probability in D 0.270 0.541 0.811
Sampled alternatives 10 20 30

non-OECD (162) - bability in D 0.062 0.123 0.185

Given the specification of the CNL model, the sampling for the correction of
G was based on the criteria presented in Table 7.
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Table 7: Probabilities to be included in the G set — Origin: Austria

Group (Total) Variable 20 40 60

Sampled alternatives 10 20 30
Probability in Dg 0.294 0.588 0.882

Sampled alternatives 10 20 30
Probability in Dg 0.175 0351 0.526

OECD, Schengen, non-English (34)

English speaking (57)

Note: Because the origin country is excluded from the choice set (stayers are not modelled),
the number of available alternatives to sample for Dg is 91 (out of the 92 possible) for
Austria, Denmark, Mexico, and New Zealand. For Afghanistan, the total is 92 since it does
not belong to any of the nests.

3.4.3 Importance sampling 2 protocol: OECD membership & 2 most cho-
sen destinations (IS2)

This importance sampling protocol (IS2) further builds on the hypothesis that the
sampling of more relevant, to the choice, alternatives results in a better approxima-
tion of the true model with a smaller choice set. In practice, IS2 is almost identical
to IS1; however, we allowed the two most popular destinations of the sample (re-
call that these are presented in Table 3) to always be included in the choice set.
Regarding the sampling for the nests, we followed the stratification presented in
Table 7 but deterministically sampled the two most chosen alternatives in each
sample.

3.4.4 Importance sampling3 protocol: OECD membership & countries se-
lected by 5% of the sample (IS3)

The third importance sampling protocol (IS3) follows a very similar philosophy.
In this case, we always included all alternatives that were chosen by at least 5% of
the respondents. Based on the data, this results in 4-6 countries always included
in D. For the nests, we followed an approach similar to IS2; however, in this case
we deterministically included destinations that were part of a nest and chosen by
at least 5% of the respondents.

3.4.5 Importance sampling 4 protocol: Sampling based on choice ''popular-
ity "

Finally, we implemented a procedure solely based on the hypothesis that sampling

should be informed by the frequency of the observed choices. Hence, we sampled

the alternatives according to their proportion of being chosen in each of the sam-
ples. In order to implement this procedure, we segregated the countries into four
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groups:

* Group 1: Countries always in the sampled choice set (these are the same as
in the third importance sampling protocol)

* Group 2: Countries chosen below 5% but above 1% of the time
* Group 3: Countries chosen below 1% of the time
* Group 4: Non-chosen countries

In this protocol, the number of alternatives to be sampled within each group,
except for Group 1, is less straightforward. For smaller sample sizes, we used
heuristics such as Troup2 ~ TGroups + TGroups AN TGroup3 = TGroups, Where T is the
number of alternatives sampled. For larger sample sizes, we sampled all alterna-
tives in Group 2 and still followed the TGroup3s = TGroups heuristic. Regarding the
nest sampling, we adopted the same approach as in IS3.

3.4.6 Sampling using incoherent procedures

The sampling procedures discussed thus far rely on the principle that frequently
chosen alternatives should have a greater probability of being sampled. We at-
tempted to challenge this idea by proposing a protocol that does not follow this
pattern. In particular, we implemented and tested the following protocols:

* Incoherent procedure 1 (IC1): In this procedure, we followed the split
of Protocol 2, however, we oversampled the non—-OECD countries with a
80%—-20% split approximately. For the nests, we sampled approximately
2/3 of the total alternatives from the English nest.

* Incoherent procedure 2 (IC2): This procedure is similar to IC1; however,
we deterministically included the five most popular destinations that were
chosen by less than 1% of the sample. For the nests, we implemented the
same rule but for the five most popular destinations that were chosen by less
than 1% of the sample and belonged to at least one nest.

The objective of the incoherent procedures was to show that importance sam-

pling works effectively only when alternatives more relevant to the observed choices
are sampled.
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3.5 Model evaluation
3.5.1 Estimation time

The computational time was recorded as CPU time in seconds. All models were
estimated using the SCITAS High Performance computer of the Swiss Federal
Technology Institute of Lausanne (EPFL). We estimated all models using 55 CPU
cores and 384GB RAM.

3.5.2 Accuracy of parameter estimates

In order to assess the quality of the parameter estimates, we used a series of met-
rics that can be found in existing studies that implemented the sampling of alter-
natives technique (Bierlaire et al., 2008; Guevara and Ben-Akiva, 2013b; Lai and
Bierlaire, 2015). These are

* the estimate 3* of the full choice set model
* the empirical mean /[gk over the 100 estimations

« the empirical standard deviation oy over the 100 estimations

e t—test: the ratio E=Px *E_\ﬁ K
k
T BB
* Mean absolute error (MAE): ==-~——

3.5.3 Aggregate-level metrics

In addition to the indicators presented in Section 3.5.2, we conducted some addi-
tional analyses to assess the quality of the models at the aggregate level. Specifi-
cally:

* We examined the difference in the log—likelihood (LL) of the full choice
set model between the parameter estimates 3* of the full choice set model,
and the estimated parameters, [3y.

* We conducted out—of—sample validation; for each protocol p and sample
size s (including the full choice set), we performed 100 estimations using
80% of the observations. The log-likelihood value LL,; was then com-
puted on the remaining 20% of the data, using the parameter estimates
3p,5,80% and considering all available alternatives. This metric was used
to identify which sampling protocol achieved the highest LL,, ; value.
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* We analysed the impact of sampling on the predicted shares, defined as
the proportion of times each destination country is chosen according to the
model.

4 The impact on estimation time

In this section, we explore the average estimation time for various sample sizes
in the utility function (Ll) and the generating function of the CNL model (G), and
how this compares to the estimation time of the full choice set model. Table 8
presents the results with respect to the Austria sample. The cells coloured in grey
highlight the occurrences where the estimation time via sampling was on average
higher compared to the full choice set model, which was typically the case for
large samples of alternatives. We also performed the same type of analysis for
Mexico and Afghanistan in Section A.2 of the Appendix (Tables A.5 and A.6,
respectively).

The first observation regards the average estimation time of random sampling,
which is typically less than the importance sampling protocols. However, as we
present in the following sections, this time gain is not translated into accurate pa-
rameter estimates. Between importance sampling protocols, the estimation time
increased when some of the alternatives were deterministically included in the
choice set. However, these sampling protocols were also those that performed
better in terms of approximating the parameters of the full choice set.

Regarding sample size, we initially observed a counterintuitive result; in some
cases, estimation with sampled choice sets took longer than with the full choice
set. The reason lies in the bookkeeping required when using sampled alterna-
tives. In a standard full choice set estimation, each attribute column is tied to
a fixed alternative. By contrast, with sampled sets, each column corresponds to
the alternative drawn for that observation. This means that values from a sin-
gle attribute column may come from alternatives belonging to different nests. To
resolve this, an additional identifier must be stored to link each draw back to its
original alternative—a step not needed in conventional estimation. This extra book-
keeping increases computational cost.

Turning to the results, when sampling 20 alternatives in U, estimation was
generally faster than with the full choice set, except when all alternatives were
sampled simultaneously in G. With 40 alternatives in U, the pattern was less
consistent; estimation time did not always improve relative to the full model. In
contrast, when up to 40 alternatives were sampled in G, the estimation was on
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average faster than with the full choice set. For the Austria sample, the gains
were only marginal, while for the other two samples the average estimation time
was reduced by 15-40%, depending on the protocol. Finally, when 60 alternatives
were sampled in U, time savings appeared only when 20 alternatives were sam-
pled in G. Some improvements were also observed for the Mexico sample and,
under certain protocols, for the Afghanistan sample with 40 alternatives in G.

Another interesting observation regards the value of the estimation time for
the same number of total alternatives but distributed differently across U and G.
One such example is U20—G60 (20 alternatives sampled in U and 60 alternatives
sampled in G), U40—G40, and U60—G20, where the total number of alternatives
sampled is 80 in all cases. Our results suggested that the estimation time is higher
in a balanced approach (i.e., U40—G40) while the fastest estimation time was
observed in the U60—G20 case. In conclusion, the most significant reduction in
estimation time was observed when 20 alternatives were sampled in U.
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5 The impact of sample size on the parameter esti-
mates

The present section investigates the impact of the sample size on the accuracy of
the parameter estimates. For each parameter, we calculated the MAE and t—test
metrics (as described in Section 3.5). To maintain conciseness, we focus solely
on the most interesting and insightful findings for each of the sampling protocols.
Moreover, it should be highlighted that comparisons between protocols are outside
the scope of this section; a thorough investigation of this aspect is presented in
Section 6.

5.1 Random sampling (RS) protocol

Table 9 shows the MAE values of the 31ogpoput parameter of the Austria sample.
The patterns in this table are representative of the MAE behaviour for many pa-
rameters across all samples. In particular, we observed that increasing the number
of parameters in U led to a general decrease in MAE. Moreover, for a fixed num-
ber of alternatives in U (for example, 20 alternatives), MAE tended to decrease
as the number of alternatives in G increased. Regarding the latter, the most con-
siderable reduction typically occurred between 20 and 40 alternatives, while the
rate of improvement decreased when more alternatives were sampled in G. How-
ever, it should be noted that this trend did not apply in all cases. An example is
the parameter 1ogpoput Of the New Zealand sample (Table A.7), where including
all alternatives in G did not improve the MAE value. Another interesting case
concerns the behaviour of the MAE with respect to the Schengen nest scale pa-
rameter of the Afghanistan model (Table 10); MAE improved considerably when
all alternatives were sampled in G. It is worth mentioning that the value of this
parameter is considerably higher, compared to the other parameters of the model
(Table A.1). Although, from an interpretation point of view, the value of the scale
parameter may be problematic, this finding may highlight the potential limitation
of random sampling in capturing certain scale parameters related to nests.
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Table 9: Austria sample — MAE of 31ogpopul Parameter

Estimation time longer

Alternatives in U Alternativesin G MAE than full choice set

20 20 0.0523 No
20 40 0.0268 No
20 60 0.0253 No
20 91 0.0245 Yes
40 20 0.0342 No
40 40 0.0134 No
40 60 0.0155 Yes
40 91 0.0130 Yes
60 20 0.0223 No
60 40 0.0111 Yes
60 60 0.0111 Yes
60 91 0.0090 Yes

Table 10: Afghanistan sample — MAE of Ugchengen parameter

Estimation time longer

Alternatives in U Alternativesin G MAE than full choice set

20 20 10.83 No
20 40 10.21 No
20 60 10.05 No
20 92 2.230 Yes
40 20 10.84 No
40 40 10.17 No
40 60 10.01 No
40 92 1.974 Yes
60 20 10.79 No
60 40 10.17 No
60 60 10.01 No
60 92 1.682 Yes

Similarly to the MAE, the t—test analysis indicated that a "the more, the bet-
ter" approach may hold for some of the parameters; however, it was not always
the case. Although in certain occasions the MAE and t—test showed consistent
patterns (tenglishSpeakingCountries 1N Table 11), there were also situations where reduc-
ing the number of alternatives in U and G led to smaller values of t—test (hence
not significant values). This outcome is counterintuitive and contradicts some of
the findings of the MAE analysis. As a reference, in Table A.8, it can be seen that
the MAE values for Biogdiaspora_cdusecondary f0llow different patterns, compared to the
t—test (tiogdiaspora_eduSecondary i Table 11). The source of this inconsistency could
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be related to the way the t—test is computed (by dividing the difference between
the true value and the mean of the estimated values by the standard deviation of
the estimated values); typically, for smaller sample sizes, the standard deviation
of the estimated parameters is higher, which also results in lower t—test values.

Table 11: Denmark sample — t—test of (3iogdiaspora_eduSecondary Parameter and t—test
of Beng]ishSpeakingCountries parameter

Estimation time longer

Alternatives in U Alternatives in G tjogq; tengli i i .
logdiaspora_eduSecondary lenglishSpeakingCountries than full choice set

20 20 0.5370 -2.579 No
20 40 1.517 -1.375 No
20 60 2.016 -1.304 No
20 91 2.399 -1.081 No
40 20 0.4573 -2.129 No
40 40 0.6926 -1.210 No
40 60 0.9950 -0.8817 No
40 91 1.716 -0.7642 Yes
60 20 0.3959 -1.795 No
60 40 -0.0856 -1.076 No
60 60 0.6369 -0.6584 Yes
60 91 0.9503 -0.4039 Yes
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Figure 1: Denmark sample — Comparison of means and std. deviation of
parameters across different sample sizes

We further illustrate the inconsistency between MAE and t—test in Figure 1
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and Table 12. Figure 1 depicts the mean and standard deviation of the parameter
estimates of the Denmark sample model (assuming normality for the empirical
distribution), for the sample sizes U20—G20 and U20—G40. Although the two
sample sizes approximate better different parameters (based on the mean values),
it is obvious that sampling 40 alternatives in G, resulted in a smaller standard
deviation of the parameters, compared to sampling 20 alternatives in G. In this
example, we notice for the parameters related to the diaspora at the destination
that even though their means are closer to the true value when 40 alternatives are
sampled in G, the t—test is higher, compared to 20 alternatives sampled in G.
Although only one case (iogdiaspora_cduColiege) €an be considered marginally signif-
icant, this outcome still suggests that the t—test on its own may be a misleading
evaluation metric. We argue that in the context of sampling of alternatives, fo-
cusing on parameters individually may pose a challenge in identifying the most
accurate model; to that end, aggregate metrics should also be considered to obtain
more robust conclusions.

Table 12: Denmark sample — Comparison of t—test across different sample sizes

Parameter u20-G20  U20-G40
BlogdiasporaﬁeduCollege 0.646 1.740
B logdiaspora_eduElementary 0.944 1.387
BlogdiasporaﬁeduSecondary 0.537 1.517

Regarding the scale parameter Ugchengen Of the Afghanistan sample, the t—test
had a different pattern, compared to MAE (Table 13). In particular, for a fixed
number of alternatives sampled in U, the lowest t—test values were observed for
20 and 92 (all) alternatives sampled in G, while higher values were observed for
40 and 60 alternatives sampled in G. This outcome might again indicate that the
t—test itself could be unreliable, when the number of alternatives in G is low. It
should be noted that regardless of sample size, t—test > [1.96l for Uschengen, Which
implies that random sampling may not be suitable to accurately capture the pa-
rameter estimate of the full choice set model.
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Table 13: Afghanistan sample — t—test of [Lschengen parameter

Estimation time longer

Alternatives in U Alternatives in G t than full choice set
20 20 37.74 No
20 40 86.11 No
20 60 80.17 No
20 92 3.978 Yes
40 20 37.71 No
40 40 94.49 No
40 60 87.69 No
40 92 4.301 Yes
60 20 39.60 No
60 40 124.9 No
60 60 96.02 No
60 92 3.052 Yes

5.2 Importance sampling 1 (IS1) protocol

In the importance sampling 1 (IS1) protocol, MAE values tended to decrease when
more alternatives were sampled in U (Table A.9), which is consistent with the
findings presented for RS. Moreover, for a fixed number of alternatives in U, MAE
tended to decrease further for more alternatives in G. Deviations were observed
for certain parameters such as the Piogdiaspora_cdusecondary Of the Denmark sample
(Table 14). These exceptions were most often observed when 20 alternatives are
sampled in U, suggesting that the cause might be the insufficient sample size.

Table 14: Denmark sample — MAE of diaspora_eduSecondary Parameter

Estimation time longer

Alternatives in U Alternativesin G MAE than full choice set

20 20 0.0081 No
20 40 0.0061 No
20 60 0.0088 No
20 91 0.0072 No
40 20 0.0079 No
40 40 0.0041 No
40 60 0.0043 Yes
40 91 0.0033 Yes
60 20 0.0093 No
60 40 0.0036 No
60 60 0.0023 Yes
60 91 0.0022 Yes
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The t—test resulted, as in RS, in mixed outcomes. For instance, in the Mex-
ico sample, the t—test values behaved in a manner similar to MAE; that is, the
values improved for larger samples, for example the Bgppcottege parameter (Table
A.10). However, there were also cases of inconsistent behaviour. For example,
we observed mixed patterns in the Bi,¢popwt parameter of the New Zealand sample
(Table 15), whereas the Uschengen Parameter of the same sample showed patterns
similar to the pschengen Of the Afghanistan sample in the RS protocol (Table 13).
The rationale behind the latter finding is again related to the calculation formula
of the t—test.

Table 15: New Zealand Sample — t-test of the Blogpopul parameter and t—test of the
ISchengen PArameter

Estimation time longer

Alternatives in U Alternatives in G  tiogpopul i Sehengen than full choice set
20 20 -1.358  0.4092 No
20 40 -1.163  -0.6532 No
20 60 -1.177  -1.058 No
20 91 -2.009 0.2128 No
40 20 -0.2818 0.5630 No
40 40 0.2004 -0.9868 No
40 60 0.0149  -1.502 Yes
40 91 -1.163  0.1208 Yes
60 20 0.5810 0.6415 No
60 40 1.451 -1.178 Yes
60 60 1.556  -1.927 Yes
60 91 -0.6274  0.2032 Yes

5.3 Importance sampling 2 (IS2) protocol

The results in IS2 largely resembled those in IS1. With respect to MAE, the val-
ues generally decreased with sample size (Table A.11) but some exceptions still
remained, mostly when only 20 alternatives were sampled in U (Table 16). In
addition, no major changes were observed regarding the Afghanistan scale pa-
rameter Uschengen (Table A.12).
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Table 16: Denmark sample — MAE of {3jgdiaspora_eduSecondary Parameter

Estimation time longer

Alternatives in U Alternativesin G MAE than full choice set

20 20 0.0064 No
20 40 0.0074 No
20 60 0.0073 No
20 91 0.0087 No
40 20 0.0071 No
40 40 0.0038 No
40 60 0.0038 Yes
40 91 0.0033 Yes
60 20 0.0069 No
60 40 0.0028 Yes
60 60 0.0025 Yes
60 91 0.0020 Yes

Similarly, the t—test tended to decrease with increasing sample size. Some
typical examples are the pogcp parameter of the Mexico sample and the Uschengen
parameter of the New Zealand sample in Tables A.13 and A.14 respectively. Some
of the parameters that deviated from this pattern were the Pyopuiaion in the New
Zealand sample (Table 17) and the pgchengen in the Afghanistan sample (Table
A.15).

Table 17: New Zealand sample — t—test of the (31gpopu parameter

Estimation time longer

Alternatives in U Alternatives in G t than full choice set
20 20 -1.723 No
20 40 -1.491 No
20 60 -1.592 No
20 91 -1.613 Yes
40 20 -1.277 No
40 40 -0.6135 No
40 60 -0.9444 Yes
40 91 -1.015 Yes
60 20 -0.3229 No
60 40 -0.3716 Yes
60 60 -0.2552 Yes
60 91 -0.5755 Yes
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5.4 Importance sampling 3 (IS3) protocol

The IS3 protocol produced outcomes broadly consistent with the previous im-
portance sampling strategies, again showing decreasing errors with larger sample
sizes (Table A.16), although the same deviations from this pattern remained, for
example, the parameter (3iogdiaspora_cdusecondary Of the Denmark sample (Table A.17).
Such inconsistencies tended to be observed more often when only 20 alternatives
were sampled in U), suggesting that too few alternatives may not suffice to capture
the full choice set parameters. Moreover, the discrepancies between the MAE and
t—test remained. An example is illustrated in Table 18 regarding the parameter
BGDP_eduColiege OF the Mexico sample.

Table 18: Mexico sample — MAE and t-test of the Bgpp_coliege Parameter

Estimation time longer

Alternatives in U  Alternatives in G t MAE than full choice set

20 20 0.0296 0.0177 No
20 40 0.3120 0.0164 No
20 60 0.3913 0.0173 No
20 91 0.4288 0.0189 No
40 20 -0.5228 0.0116 No
40 40 -0.0305 0.0101 No
40 60 0.3111 0.0087 No
40 91 0.3842  0.0097 Yes
60 20 -0.8693 0.0110 No
60 40 -0.1591 0.0065 No
60 60 0.0373  0.0070 Yes
60 91 0.4333  0.0066 Yes

5.5 Importance sampling 4 (IS4) protocol

The results from IS4 provided very similar insights to IS3 and, therefore, we do
not explicitly present any tables. Overall, the metrics improved with the sample
size of alternatives, but once again we observed several exceptions to this pattern.

6 The impact of the sampling protocol on the pa-
rameter estimates

In the current section, we investigate the impact of the sampling protocols on the
parameter estimates by comparing the MAE and the t—test of certain parameters
that we also examined in Section 5. To maintain succinctness, we only present
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the most representative results and focus on the sample size 40U—40G, as the
results in Sections 4 and 5 suggested that this is typically one of the most stable
and time-efficient sample sizes in our specific case study.

In general, we observed that RS resulted in the highest MAE values, com-
pared to importance sampling protocols (Figure 2), while 1S3 and 1S4 performed
the best in most cases. This finding is even more profound in certain cases, such
as in the Mexico sample (Figure 3). Furthermore, in the Afghanistan sample, the
deterministic addition of alternatives in the choice set considerably reduced the
MAE value (Figure A1l).
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Figure 2: Denmark sample - MAE for U40-G40 sample size
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With respect to the t—test, RS again resulted in the highest values, while 1S3
generally resulted in the lowest values, followed by 1S4. However, we also found
instances where these two protocols performed worse than the others for certain
parameters (Figures A2—A4). In certain cases, such as the Mexico sample, it was
possible to obtain lt—testl<1.96 only for IS3 and 1S4 while in the Afghanistan sam-
ple this was achieved only with IS4. These findings may indicate that importance
sampling protocols that favour the most chosen alternatives can be more effective
compared to random sampling or more naive importance sampling protocols. The
t—test results need careful interpretation because, as noted in Section 5, they can
be unstable across different sample sizes.

7 Evaluation with aggregate—level metrics

The analysis in Sections 5 and 6 provided useful insights and patterns regarding
the impact of sample size and protocol on parameters individually. Neverthe-
less, the findings remain somewhat inconclusive, as some inconsistencies were
observed between different tests. In addition, the focus was limited to specific
parameters, which does not allow for robust conclusions about the overall per-
formance of the models. In this section, we assess the impact of the sampling
protocols at the aggregate level. Specifically, we analyse the goodness—of—fit and
the impact on the predicted destination demand. The analysis refers to sample
size U40—G40 unless otherwise stated.
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7.1 The impact of the sampling protocol on of the log-likelihood

The idea behind the log-likelihood (L L) analysis is that if the £L£ value obtained
using parameters from a model with sampled alternatives is close to the £L of the
full choice set model, then those parameters provide a good approximation of the
full model’s estimates. It should be mentioned that, in addition to the five proto-
cols that we examined previously, we also considered the two incoherent protocols
presented in Section 3.4.6 for three of the samples. As a reminder, in the inco-
herent protocols we deliberately over—sampled alternatives that are less relevant
to the observed choices, rather than favouring those more frequently chosen. As
shown in Table 19, the £L£ values exhibited different patterns between samples
and protocols. For example, the sampling protocol did not make any substan-
tial difference in the Austria and Denmark samples. However, in the Mexico and
Afghanistan samples, we noted that RS and IS1 performed worse, compared to the
other importance sampling protocols. This finding is consistent with the analysis
presented in Section 6; protocols 1S3 and IS4 notably improved MAE for cer-
tain parameters in these two samples. It is worth mentioning that the incoherent
protocols performed similarly or worse than RS in the Mexico and Afghanistan
samples. This finding suggests that although importance sampling can be a very
powerful approach, it should be performed properly; otherwise, the quality of the
results may be worse than random sampling.

Table 19: Comparison of log-likelihood values across protocols and samples

Austria Denmark Mexico New Zealand Afghanistan
Full choice set -2443.880 -3021.658 -4382.408 -1434.214 -6413.896
RS -2444.212 -3022.204 -4410.459 -1437.103 -6452.602
IS1 -2443.932 -3021.751 -4387.233 -1435.560 -6443.742
1S2 -2443.905 -3021.692 -4382.906 -1434.307 -6419.206
1S3 -2443.886 -3021.673 -4382.455 -1434.268 -6419.099
1S4 -2443.889 -3021.675 -4382.452 -1434.293 -6413.928
IC1 -2444.200 No models estimated -4410.650 No models estimated  -6455.013
IC2 -2444.260 No models estimated -4412.110 No models estimated  -6454.372

Table 20 presents the LL scores for the sample size U20-G20. Overall, we
found that the sample size did not considerably affect the £L for the more sophis-
ticated importance sampling protocols, whereas higher deviations were observed
in the RS and IS1 protocols. The main exception was the Afghanistan sample,
where only 1S4 was close to the original £L£ value. Similar findings were noted
for the sample sizes U20-G20 and U60-G20 in Tables (Tables A.19 and A.20,
respectively). In conclusion, we observed that even though metrics such as MAE
tended to be higher for U20-G20, U20-G40 and U60-G20, compared to U40—
G40, this did not have pronounced implications on the LL values, especially when
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more sophisticated sampling protocols were implemented. However, it may be
best to avoid random sampling, as the sample size can affect the accuracy of the
models.

Table 20: Comparison of log-likelihood values across protocols and samples

(U20-G20)
Austria Denmark Mexico New Zealand Afghanistan
Full choice set -2443.880 -3021.658 -4382.408 -1434.214 -6413.896
RS -2480.088 -3086.763 -4530.415 -1443.946 -6747.995
IS1 -2443.932 -3022.514 -4407.462 -1437.483 -6476.679
1S2 -2443.905 -3022.036 -4388.016 -1435.475 -6431.101
1S3 -2443.949 -3021.890 -4382.781 -1434.846 -6430.649
1S4 -2444.025 -3021.961 -4382.963 -1435.029 -6414.258
IC1 -2445.456 No models estimated -4471.642 No models estimated  -6492.240
IC2 -2446.068 No models estimated -4493.866 No models estimated  -6500.815

In Section 5.1, we discussed the discrepancies between MAE and the t—test,
and the difficulty in identifying the most accurate model, with respect to the sam-
ple size, based on parameters individually. In Tables 20 and A.19, we observed
that the £L values related to the Denmark sample for the sample sizes U20—G20
and U20—G40 are -3086.763 and -3023.360, respectively. This outcome suggests
that despite the difference in performance in approximating the parameters indi-
vidually, the sample size U20—G40 approximated the L£L value of the full choice
set model (-3021.658) considerably better.

7.2 Out-of-sample validation

For three of the samples, namely, Austria, Mexico and Afghanistan, we performed
an additional out—of—sample validation. In particular, we considered 80% of the
observations to estimate the model. Then we used the parameter estimates on the
remaining 20% of the observations and computed the £L for each of the sam-
ples, considering the full choice set (Table 21). The results of the Austria sample
suggested that the sampling protocol did not have any impact on LL, as the differ-
ences were negligible. With respect to the Afghanistan and Mexico samples, we
found that RS, IS1, and the incoherent samples performed worse than the other
importance sampling protocols. As a general conclusion, the out—of—sample vali-
dation results further confirmed our findings in Section 7.1.
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Table 21: Estimation—Validation comparison of log-likelihood values across
protocols and samples (U40-G40)

Austria Mexico  Afghanistan

Full choice set -465.627 -832.204 -1316.904

RS -465.640  -840.957 -1326.131
IS1 -465.596  -836.998 -1322.926
IS2 -465.640  -834.970 -1319.612
IS3 -465.601  -834.597 -1320.905
IS4 -465.741  -834.607 -1320.136
IC1 -465.619  -841.249 -1326.811
IC2 -465.615  -841.583 -1326.353

Table 22 presents the out—of—sample validation results for the U20—G20 sam-
ple size. The main differences in performance (compared to the U40—G40 sample
size) were mainly observed for random sampling, while for the rest of the sam-
pling protocols, the differences were less obvious. We also observed the same
trends for sample sizes U20—G40 and U60—G20 (Tables A.21 and A.22 respec-
tively).

Table 22: Estimation—Validation comparison of log-likelihood values across
protocols and samples (U20-G20)

Austria Mexico  Afghanistan

RS -468.404  -866.932 -1348.312
IS1  -465.617 -841.220 -1329.702
IS2  -465.658  -837.195 -1321.750
IS3  -465.688  -834.888 -1323.127
IS4  -466.099 -835.074 -1319.984
IC1  -465.871 -854.668 -1334.663
IC2  -465.976 -858.141 -1336.640

7.3 The impact on shares

Table 23 shows the results of the analysis on the predicted shares, for each of the
sampling protocols. For the interest of space, we only present the results of the
10 most popular destinations with respect to the Austria sample, as these were
observed in the data. Overall, we did not find major differences between the
sampling protocols, which is consistent with the analysis performed previously
with respect to this sample.
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Table 23: Comparison of shares across protocols — Austria sample (U40-G40)

Destination Full choice set RS IS1 IS2 IS3 IS4

USA 13.97% 1391% 14.19% 14.04% 13.96% 1391%
Australia 9.53% 9.49% 9.54% 9.54% 9.55% 9.49%
Germany 8.23% 8.20% 8.18% 8.14% 8.21% 8.20%
Canada 5.57% 5.56% 5.60% 5.58% 5.55% 5.56%
Switzerland 5.04% 5.05% 4.97% 4.99% 5.03% 5.05%
Spain 4.72% 4.71% 4.66% 4.68% 4.73% 4.71%
France 4.29% 4.28% 4.26% 4.26% 4.28% 4.28%
Italy 3.53% 3.54% 3.51% 3.51% 3.53% 3.54%
New Zealand 3.14% 3.14% 3.11% 3.13% 3.14% 3.14%
United Kingdom 2.20% 2.20% 2.22% 2.20% 2.18% 2.20%

Table 24 reports the results of the shares for the Mexico sample. In this case,
RS emerged as the least efficient protocol, resulting in the largest deviation from
the full choice set model for the United States, which was by far the most popular
destination in the sample. However, as the protocols became more sophisticated,
the deviations from the original shares gradually decreased. The results suggest
that the presence of dominating choices and their impact on sampling should be
further investigated, especially under random sampling.

Table 24: Comparison of shares across protocols — Mexico sample (U40-G40)

Destination Full choice set RS IS1 IS2 IS3 1S4

USA 45.76% 52.50% 47.23% 46.30% 45.93% 45.88%
Germany 7.29% 5.73% 6.50% 6.89% 7.17% 7.18%
Canada 5.62% 5.25% 5.59% 5.68% 5.65% 5.63%
France 4.88% 3.93% 4.45% 4.68% 4.82% 4.82%
Spain 3.96% 3.12% 3.58% 3.76% 3.94% 3.91%
Italy 3.14% 2.70% 2.98% 3.06% 3.10% 3.11%
United Kingdom 2.68% 2.40% 2.60% 2.68% 2.68% 2.67%
Japan 1.28% 1.17% 1.18% 1.27% 1.26% 1.28%
Brazil 0.74% 0.87% 0.81% 0.75% 0.74% 0.75%
China 0.37% 0.46% 0.43% 0.38% 0.37% 0.38%

Finally, Table 25 presents the shares for the Afghanistan sample. In this case,
larger deviations were noted compared to the full choice set model for certain
destinations (e.g., USA and Germany), particularly in RS and IS1. Both these
protocols did not always capture the order of preferences. For example, Germany
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is less popular than Iran and Pakistan in RS and IS; however, this result is not
true, as shown in the full choice set model and the rest of the sampling proto-
cols (Table 3). By contrast, for destinations such as Iran or Australia, the results
remained consistent across all protocols. These discrepancies were likely due to
the sampling procedures: apart from the destinations deterministically included in
[S3 and 1S4, the remaining countries were stratified based on OECD membership.
This approach did not reflect the choice patterns of this specific sample, as over-
sampling OECD countries was not representative when individuals relied on other
criteria for their decisions. IS4 did not suffer from this limitation, as all destina-
tions were selected according to their observed choice frequency. This outcome
was consistent with the results shown in Figures A1 and A3, where 1S4 performed

better in all parameters.

Table 25: Comparison of shares across protocols — Afghanistan sample

Choice Full choice set RS IS1 IS2 IS3 1S4

USA 18.02% 20.53% 18.64% 17.50% 17.29% 17.95%
Germany 12.43% 8.43% 929% 12.38% 12.15% 12.41%
Iran 10.45% 10.77% 10.89% 10.44% 10.86% 10.40%
Tiirkiye 8.66% 8.08% 8.69% 8.68% 8.70% 8.65%
Pakistan 8.32% 9.56% 10.24% 9.84% 9.95% 8.32%
Saudi Arabia 8.18% 8.23% 7.91% 7.55% 7.92% 8.16%
United Kingdom 6.31% 6.75% 6.56% 6.45% 6.33% 6.34%
Canada 4.52% 4.47% 4.36% 4.35% 4.31% 4.54%
Australia 3.32% 3.19% 3.14% 3.17% 3.14% 3.34%
United Arab Emirates 1.62% 1.54% 1.53% 1.52% 1.57% 1.63%

The impact on shares was also investigated for other sample sizes (U20-G20

and U60-G20). The results are presented in the Appendix section A.6 (Tables
A.23-A.28). The RS protocol for sample size U20-G20 did not accurately ap-
proximate the full choice set model shares on certain occasions, however, the
remaining of the protocols resulted in shares similar to the sample size U40—G40.

8 Findings

This section summarises the main results of the analysis and highlights the key
lessons learned. It also provides a set of practical recommendations based on how
different sampling procedures and sample sizes affected the estimation of the CNL

models.
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8.1 Summary of findings and lessons learned

The models were evaluated at different levels, in particular, estimation time, the
accuracy of the parameters, and at the aggregate level.

* Impact of sample size on the accuracy of parameters: For several of the pa-
rameters, increasing the sample size reduced the value of MAE suggesting
that increasing the sample size could be beneficial for the accuracy. How-
ever, this trend did not hold for all parameters and several exceptions were
observed. Moreover, we found that, especially in lower sample sizes, MAE
and t-ratio led to conflicting results. Given the number of parameters esti-
mated, the individual check of parameters poses challenges in the reliable
evaluation of a model. For instance, it is not clear how the decrease of
MAE affects the performance of a model in practice or how much a low
MAE value is "low enough".

* Impact of the sampling procedure on the accuracy of the parameters: The
sampling procedure had a considerable impact on the accuracy of the pa-
rameters. We found that sampling alternatives more relevant to the cho-
sen alternatives, i.e. deterministically including certain alternatives in the
choice set, improved the accuracy of parameters with respect to the MAE
metric. Unlike the sample size, the improvement in parameters with respect
to the sampling procedure was clearer.

* Impact of the sampling procedure on the model fit: The choice of the sam-
pling protocol had a considerable impact on how the log-likelihood of the
full choice set model specification is approximated. This finding was espe-
cially profound in the case of data sets with specific choice patterns. For
example, in the Mexico sample, the choices were skewed towards certain
destinations, and in the Afghanistan sample, the nesting structure might
not have been appropriate, given that we observed a different pattern in
preferences, compared to the other data sets. In these cases, a good imple-
mentation of importance sampling was crucial for the performance of the
models, especially for smaller sample sizes. This finding was further sup-
ported by the results related to the incoherent sampling procedures. The
latter performed similarly (or worse) to random sampling, demonstrating
the importance of a well-designed sampling protocol procedure.

* Impact on shares: In most of the samples, the predicted shares of the sam-
pled models were close to those of the full choice set, even for smaller
sample sizes. However, in the Mexico and Afghanistan samples, larger dif-
ferences appeared. For Mexico, this was due to the strong dominance of one
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destination, while for Afghanistan, it likely reflected a nesting structure that
did not fully match the observed preferences. The design of the sampling
protocol was crucial to accurately reflect the shares of the full choice set
model; random sampling was the least efficient approach.

* Model evaluation: Evaluating models at the aggregate level, such as log—
likelihood or predicted shares, provided more reliable insight into overall
performance. Aggregate measures were less sensitive to parameter—specific
variations and offered a clearer view of how well the sampled models ap-
proximated the full choice set.

* Impact on estimation time: A reasonable expectation would be the reduc-
tion of the average estimation time when sampling of alternatives is imple-
mented; however, this was not the case in our results. As we discussed in
Section 4, This is due to the additional bookkeeping needed when sampled
alternatives are used. Unlike the full choice set, where each attribute col-
umn is fixed to one alternative, sampling requires tracking which alternative
each draw belongs to, adding extra computational overhead. Moreover, one
should keep in mind that this bookkeeping process applies to both sampled
data sets, which further increases the estimation time.

8.1.1 Recommendations

Based on the findings and lessons learned from this exercise, there is a series of
recommendations for researchers and practitioners for the implementation of the
sampling of alternatives.

* Despite its simplicity, random sampling should be in general avoided. Al-
though random sampling performed well in some of the data sets, such as
the Austria sample, it struggled to capture certain parameters in datasets
where more particular behaviour was observed, such as the Mexico and
Afghanistan samples.

» Except for the representativeness of alternatives, from a behavioural point of
view, random sampling may also cause estimation—-related issues regarding
the nests. Given the pure stochastic nature of the approach, there is always
the possibility that alternatives of a specific nest are not sufficiently or not
at all sampled. Importance sampling is a very effective way to reduce the
magnitude of this problem.

* The sampling procedure implemented in an importance sampling protocol
matters. The results of the incoherent sampling procedures suggested that
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a poorly designed importance sampling procedure may perform even worse
than random sampling. The researcher should take into account the patterns
in the data during the design of the sampling procedure.

* The deterministic sampling of certain popular alternatives can improve the
performance of the models; based on our results, this practice, if possible,
is strongly advised.

* For certain protocols, smaller sample sizes (for example U20-G20 in our
case) resulted in shares comparable to higher sample sizes. However, in
some case studies, the accuracy of certain individual parameters is crucial.
Our analysis showed that the sample size can affect the parameter values; it
is better to avoid very small sample sizes, even though it might be tempting
sometimes.

* Beyond a certain sample size, the estimation time increases for marginal
benefits in the performance of the models. It is preferred to implement a
well-designed importance sampling protocol with fewer alternatives than
random sampling with more alternatives. However, given the previous rec-
ommendation, there is an optimal point with respect to how small the sam-
ple size should be.

¢ If the model evaluation compared to the full choice set model is of inter-
est, this should be performed considering more than one indicator. Our
individual parameter analysis revealed cases where conflicting results were
obtained, depending on the evaluation metric used. The use of measures at
the aggregate level may be an overall more reliable approach to evaluate the
larger picture of a model.

9 Conclusion

This paper presented an empirical investigation of sampling of alternatives in CNL
models, focusing on a case study of migration aspirations. Starting from a hy-
pothesis that sampling alternatives more relevant to the observed choices would
enhance the overall performance of the models, compared to more naive proto-
cols, we implemented a series of sampling protocols, varying both in the sampling
procedure and the sample size, to examine the following research objectives:

* Assess the influence of sampling procedures on model accuracy: Our results
confirmed that importance sampling has the potential to outperform random
sampling. Moreover, we can obtain different results for different importance
sampling procedures.
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» Examine the effect of sample size on model accuracy and estimation time:
Sample size was mainly identified as an issue in random sampling. How-
ever, in certain cases, the combination of sample size and inefficient im-
portance sampling procedure was also problematic. Sample size had a con-
siderable effect on estimation time; sampling many alternatives actually re-
sulted in longer estimation times, compared to the full choice set model.

* Investigate how the complex substitution patterns of the CNL model are
preserved: Our analysis showed that well-designed importance sampling
protocols largely preserve the scale parameters of the nests. In certain sam-
ples, random sampling failed to capture the aggregate shares; this is another
implication of a poorly designed sampling protocol.

Despite the promising and interesting results, there are a number of limitations
and additional considerations that should be noted. First, the nature of migration
data means that some destinations dominate the choice sets for certain origin coun-
tries. This was especially clear in the Mexico sample, but present to some extent
in all cases. Such skewed distributions made it possible to design frequency-based
sampling strategies in this study, but this may not be the case in other applications
where the number of alternatives is larger and patterns in choices less clear, such
as in residential location or workplace choice problems. However, this fact opens
up the possibility for additional research towards this direction, for example in the
context of residential location choice models. Such an extension could also allow
one to explore protocols that combine frequency-based rules with distance-based
sampling to ensure that both attractive and nearby alternatives are represented.
Second, all sampling procedures were based on the assumption that the full choice
set can be enumerated. However, this does not apply in certain applications, such
as route choice, where different approaches such as the variational autoencoder
proposed by Yao and Bekhor (2022) may be considered. Third, our experiments
suggested that although at the aggregate level sampling of alternatives can give
good results (for example, with respect to the £L£ of a model), different parame-
ters may respond differently to sampling using different metrics of evaluation; we
highlighted the inconsistencies between MAE and t—test in several cases. This is
particularly important for applications where the accuracy of individual parame-
ters is crucial for the analysis, for example the value—of—time. These cases may
require larger or more carefully structured choice sets to be accurately recovered.
Fourth, it should be mentioned that the representativeness of our results is lim-
ited to the OECD-based stratification approach that we implemented. Despite the
adequate performance of these protocols, additional research is required to ex-
plore alternative stratification criteria. This aspect can be further explored with
the sample size of each stratum. For example, in our case, we followed a balanced
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approach in sampling from the strata; however, alternative sample sizes can be
considered. Finally, our heuristics for designing the choice frequency—based im-
portance sampling (IS4) were arbitrary, and no sensitivity analysis was performed
to test the impact of the cutoff criteria for the generation of the strata on the re-
sults. Hence, additional efforts may be required in this direction, to develop a
systematic methodology.

In conclusion, the study provided some evidence that importance sampling
protocols tailored to observed data can help approximate full choice set models in
migration aspiration research. However, additional work is needed to assess their
robustness in different contexts and model specifications.
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A Appendix

A.1 Parameter estimates - full choice set models

Table A.1: Parameter estimates Afghanistan - Full choice set model

Parameter Value  Robstrerr. Rob t-stat. Robust p-value
BGDP_eduCollege 1.09 0.168 6.46 0.000
BGDP_eduBlementary 0.671 0.0795 8.44 0.000
BGDP_eduSecondary 1.05 0.0894 11.8 0.000
[3englishSpeakingCountries -1.09 0.171 -6.36 0.000
Biogdiaspora_eduCollege 0.305 0.0282 10.8 0.000
E’ logdiaspora_eduElementary 0.361 0.0149 24.2 0.000
B1ogdiaspora_eduSecondary 0.315 0.0158 19.9 0.000
Biogdist -0.203 0.0565 -3.59 0.000
Biogpopul 0.431 0.0352 12.2 0.000
3 oecdCountries 1.85 0.087 21.2 0.000
B schengenCountries -1.01 0.0972 -10.4 0.000
MEnglish 1 0.0867 11.5 0.000
HLoECD 1.37 0.0531 25.9 0.000
Hschengen 12.2 0.624 19.6 0.000
LL -6413.9
AIC 12855.79
BIC 12935.62
N 2212
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Table A.2: Parameter estimates Denmark - Full choice set model

Parameter Value  Robstrerr. Rob t-stat. Robust p-value
BGDP_cduCollege 0.34 0.182 1.88 0.061
BGDP_cduBlementary -0.0737 0.511 -0.144 0.885
BGDP_cduSecondary 0.247 0.106 2.33 0.020
E’englishSpeakingCountries -0.204 0.253 -0.806 0.420
B1ogdiaspora_eduCollege 0.311 0.0409 7.61 0.000
[5logdiaspora_eduElementary 0.507 0.182 2.79 0.005
Blogdiaspora_eduSecondary 0.406 0.0312 13 0.000
PBrogdist 0.26 0.0425 6.1 0.000
Biogpopul 0.25 0.0282 8.86 0.000
3 oecdCountries 1.51 0.229 6.58 0.000
[3 schengenCountries 1.04 0.193 5.41 0.000
HEnglish 1 0.0688 14.5 0.000
HoEecp 1.76 0.194 9.09 0.000
HSchengen 1.75 0.284 6.14 0.000
LL -3021.66
AIC 6071.317
BIC 6138.797
N 916
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Table A.3: Parameter estimates Mexico - Full choice set model

Parameter Value  Robstrerr. Rob t-stat. Robust p-value
BGDP_cduCollege 0.737 0.119 6.19 0.000
BGDP_cduBlementary 0.468 0.132 3.54 0.000
BGDP_cduSecondary 0.659 0.0987 6.68 0.000
3 englishSpeakingCountries -0.514 0.337 -1.52 0.127
B1ogdiaspora_eduCollege 0.0623 0.0225 2.76 0.006
[5logdiaspora_eduElementary 0.153 0.026 591 0.000
Blogdiaspora_eduSecondary 0.105 0.0217 4.84 0.000
PBrogdist -0.695 0.0916 -7.59 0.000
Biogpoput 0.377 0.0516 7.32 0.000
3 oecdCountries 2.3 0.206 11.2 0.000
[3 schengenCountries 0.671 0.16 4.2 0.000
HEnglish 1 0.081 12.4 0.000
HoEecp 2.25 0.257 8.73 0.000
HSchengen 2.63 0.473 5.56 0.000
LL -4382.41
AIC 8792.816
BIC 8868.33
N 1626
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Table A.4: Parameter estimates New Zealand - Full choice set model

Parameter Value  Robstrerr. Rob t-stat. Robust p-value
BGDP_eduCollege 0.3 0.176 1.71 0.088
BGDP_cduBlementary -0.0831 0.197 -0.422 0.673
BGDP_cduSecondary 0.0229 0.119 0.192 0.848
3 englishSpeakingCountries 0.464 0.507 0.916 0.36
B1ogdiaspora_eduCollege 0.226 0.0506 4.46 8.15E-06
Biogdiaspora_eduElementary 0.35 0.0583 6 2.02E-09
Blogdiaspora_eduSecondary 0.313 0.051 6.15 7.67E-10
PBrogdist -0.462 0.11 -4.21 2.57E-05
B1ogpopul 0.22 0.0451 4.89 9.98E-07
3 oecdCountries 2.52 0.44 5.73 9.95E-09
3 schengenCountries 0.888 0.297 2.99 0.00279
HEnglish 1.06 0.108 9.78 0
HoEcD 2.28 0.665 3.42 0.000627
Hschengen 2.28 0.376 6.06 1.34E-09
LL -1434.21
AIC 2896.428
BIC 2960.042
N 695
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A.2 Estimation times

Table A.5: Estimation times - Mexico sample
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Table A.6: Estimation times - Afghanistan sample
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A.3 Tables - parameter estimates

Table A.7: New Zealand sample — MAE of (315¢popwt parameter (RS)

Estimation time longer

Alternatives in U Alternativesin G MAE than full choice set

20 20 0.0987 No
20 40 0.0866 No
20 60 0.0947 No
20 91 0.1009 No
40 20 0.0725 No
40 40 0.0393 No
40 60 0.0447 Yes
40 91 0.0560 Yes
60 20 0.0430 No
60 40 0.0211 No
60 60 0.0211 Yes
60 91 0.0315 Yes

Table A.8: Denmark sample — MAE of Bogdiaspora_cduSecondary Parameter (RS)

Estimation time longer

Alternatives in U Alternativesin G MAE than full choice set

20 20 0.0872 No
20 40 0.0204 No
20 60 0.0221 No
20 91 0.0240 No
40 20 0.0885 No
40 40 0.0094 No
40 60 0.0109 No
40 91 0.0126 Yes
60 20 0.0828 No
60 40 0.0060 No
60 60 0.0059 Yes
60 91 0.0079 Yes
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Table A.9: Austria sample — MAE of pogcp parameter (IS1)

Estimation time longer

Alternatives in U Alternativesin G MAE than full choice set

20 20 0.0657 No
20 40 0.0456 No
20 60 0.0387 No
20 91 0.0397 Yes
40 20 0.0453 No
40 40 0.0293 No
40 60 0.0221 Yes
40 91 0.0164 Yes
60 20 0.0461 No
60 40 0.0253 Yes
60 60 0.0159 Yes
60 91 0.0129 Yes

Table A.10: Mexico sample — t—test of BGpp_edusecondary Parameter (IS1)

Estimation time longer

Alternatives in U Alternatives in G t than full choice set
20 20 -3.570 No
20 40 -2.850 No
20 60 -2.731 No
20 91 -2.683 No
40 20 -2.709 No
40 40 -2.095 No
40 60 -1.911 No
40 91 -1.620 Yes
60 20 -2.806 No
60 40 -1.749 No
60 60 -2.137 Yes
60 91 -0.8207 Yes
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Table A.11: New Zealand sample — MAE of pogcp parameter (IS2)

Estimation time longer

Alternatives in U Alternativesin G MAE than full choice set

20 20 0.2203 No
20 40 0.1292 No
20 60 0.0910 No
20 91 0.0904 Yes
40 20 0.1802 No
40 40 0.1008 No
40 60 0.0567 Yes
40 91 0.0440 Yes
60 20 0.1984 No
60 40 0.0861 Yes
60 60 0.0463 Yes
60 91 0.0237 Yes

Table A.12: Afghanistan sample — MAE of Wschengen parameter (IS2)

Estimation time longer

Alternatives in U Alternativesin G MAE than full choice set

20 20 1.242 No
20 40 1.293 No
20 60 1.332 No
20 92 1.276 Yes
40 20 1.292 No
40 40 1.233 No
40 60 1.190 Yes
40 92 1.215 Yes
60 20 1.304 No
60 40 1.187 Yes
60 60 1.250 Yes
60 92 1.244 Yes
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Table A.13: Mexico sample — t—test of pogcp parameter (1S2)

Estimation time longer

Alternatives in U Alternatives in G t than full choice set
20 20 6.356 No
20 40 1.630 No
20 60 0.0156 No
20 91 -0.4218 No
40 20 7.490 No
40 40 2.379 No
40 60 0.4423 No
40 91 -0.3561 Yes
60 20 7.850 No
60 40 2.948 No
60 60 0.4345 Yes
60 91 -0.5594 Yes

Table A.14: New Zealand sample — t—test of [gchengen Parameter (IS2)

Estimation time longer

Alternatives in U Alternatives in G t than full choice set
20 20 1.057 No
20 40 0.0508 No
20 60 -0.5683 No
20 91 -0.5896 Yes
40 20 1.625 No
40 40 0.4210 No
40 60 0.0816 Yes
40 91 -0.3144 Yes
60 20 1.323 No
60 40 0.6698 Yes
60 60 0.1952 Yes
60 91 -0.3458 Yes
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Table A.15: Afghanistan sample — t—test of Ugcpengen parameter (IS2)

Estimation time longer

Alternatives in U Alternatives in G t than full choice set

20 20 2.099 No
20 40 2.120 No
20 60 2.019 No
20 92 1.601 Yes
40 20 2.184 No
40 40 2.319 No
40 60 1.942 Yes
40 92 1.976 Yes
60 20 2.777 No
60 40 2.059 Yes
60 60 2.182 Yes
60 92 2.044 Yes

Table A.16: New Zealand sample — MAE of pwogcp parameter (IS3)

Estimation time longer

Alternatives in U Alternativesin G MAE than full choice set

20 20 0.1801 No
20 40 0.0849 No
20 60 0.0704 No
20 91 0.0746 Yes
40 20 0.1710 No
40 40 0.0731 No
40 60 0.0373 Yes
40 91 0.0317 Yes
60 20 0.1692 No
60 40 0.0785 Yes
60 60 0.0308 Yes
60 91 0.0188 Yes

56



Table A.17: Denmark sample — MAE of fogdiaspora_eduSecondary Parameter (IS3)

Estimation time longer

Alternatives in U Alternativesin G MAE than full choice set

20 20 0.0054 No
20 40 0.0062 No
20 60 0.0057 No
20 91 0.0052 No
40 20 0.0039 No
40 40 0.0026 No
40 60 0.0028 Yes
40 91 0.0025 Yes
60 20 0.0034 No
60 40 0.0023 Yes
60 60 0.0018 Yes
60 91 0.0018 Yes

Table A.18: Austria sample — MAE of the Bogcp parameter, and t—test of the
Borcp paramete (IS3)

Estimation time longer

Alternatives in U Alternativesin G tg,,., MAE than full choice set

20 20 0.7671 0.0657 No
20 40 0.8204 0.0662 No
20 60 0.8559 0.0675 No
20 91 1.011 0.0653 Yes
40 20 1.032 0.0471 No
40 40 0.6183 0.0366 No
40 60 0.5015 0.0377 Yes
40 91 0.3245 0.0373 Yes
60 20 0.8017 0.0384 No
60 40 0.2486 0.0258 Yes
60 60 0.2901 0.0260 Yes
60 91 0.4334 0.0257 Yes
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A.4 Figures - compare protocols
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58



t-ratio

Hoecp Bschengencuuntries ﬁenglishSpeakingCountries

Protocols
[ -ws
[ s
= 52
B s3
s

Figure A3: Afghanistan sample - t—test for U40-G40 sample size

10 A

Hoecp Hschengen BGDPﬁeduElementary Boecdcountries

Figure A4: Mexico sample - t—test for U40-G40 sample size

59

Protocols
HES
[ s
- 152
B s3
N s



A.5 Log-likelihood values across protocols and samples

Table A.19: Comparison of log-likelihood values across protocols and samples
(U20—G40)

Austria  Denmark  Mexico New Zealand Afghanistan

Full choice set -2443.880 -3021.658 -4382.408 -1434.214 -6413.896
RS -2445.131 -3023.360 -4443.343 -1441.228 -6467.118
IS1 -2444.150 -3021.903 -4396.991 -1436.424 -6457.804
IS2 -2443.947 -3021.895 -4383.041 -1434.735 -6431.649
IS3 -2443.970 -3021.888 -4382.491 -1434.261 -6431.173
IS4 -2444.002  -3021.898 -4382.606 -1434.294 -6414.259
IC1 -2445.032 No models -4451.463 No models -6470.811
1C2 -2445.616 No models -4470.386 No models -6473.883

Table A.20: Comparison of log-likelihood values across protocols and samples
(U60—G20)

Austria  Denmark  Mexico New Zealand Afghanistan

Full choice set -2443.880 -3021.658 -4382.408 -1434.214 -6413.896
RS -2450.811 -3076.391 -4534.766 -1447.316 -6652.067
IS1 -2444.014  -3022.362 -4393.507 -1436.561 -6454.852
IS2 -2443.928 -3021.929 -4387.750 -1434.892 -6416.414
1S3 -2443.893  -3021.695 -4382.804 -1434.902 -6415.932
1S4 -2443.887 -3021.688 -4382.793 -1434.925 -6413.906
I1C1 -2444.283 No models -4409.187 No models -6467.150
1C2 -2444.326 No models -4413.705 No models -6471.494

Table A.21: Estimation—Validation comparison of log-likelihood values across
protocols and samples (L120-G40)

Austria Mexico  Afghanistan

RS -465.723  -847.537 -1329.18
IS1  -465.593  -838.559 -1325.32
IS2  -465.716  -834.835 -1321.17
IS3  -465.632  -834.513 -1323.20
IS4  -466.032  -834.651 -1319.88
IC1  -465.856 -849.334 -1329.98
IC2 -465918  -852.195 -1330.55
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Table A.22: Estimation—Validation comparison of log-likelihood values across
protocols and samples (U60-G20)

Austria Mexico  Afghanistan

RS -465.685  -878.918 -1365.53
IS1  -465.630 -839.754 -1325.05
IS2  -465.547 -837.457 -1319.71
IS3  -465.572  -834.942 -1320.43

IS4  -465.648  -834.991 -1320.19
IC1  -465.635 -842.463 -1328.61
IC2  -465.600 -843.031 -1329.84

A.6 Shares for different sample sizes of alternatives

Table A.23: Comparison of shares across protocols — Austria sample (L120-G20)

Destination Full choice set RS IS1 1S2 1S3 IS4

USA 13.97% 10.29% 14.61% 14.17% 13.87% 13.73%
Australia 9.530% 6.974% 9.502% 9.524% 9.555% 9.414%
Germany 8.226% 5.790% 8.069% 8.080% 8.207% 8.122%
Canada 5.566% 4.699% 5.642% 5.611% 5.500% 5.521%
Switzerland 5.042% 3.836% 4.833% 4.944% 5.043% 5.050%
Spain 4.722% 3.649% 4.539% 4.578% 4.792% 4.688%
France 4.288% 3515% 4.207% 4.201% 4.309% 4.273%
Italy 3.531% 3.065% 3.492% 3.491% 3.537% 3.545%
New Zealand 3.144% 2.746% 3.046% 3.101% 3.129% 3.116%

United Kingdom 2.197% 2341% 2.278% 2.243% 2.115% 2.191%

61



Table A.24: Comparison of shares across protocols — Austria sample (U60-G20)

Destination Full choice set RS IS1 IS2 1S3 IS4

USA 13.97% 12.50% 14.14% 14.10% 14.03% 13.99%
Australia 9.530% 8.545% 9.552% 9.569% 9.554% 9.539%
Germany 8.226% 6.974% 8.083% 8.097% 8.172% 8.165%
Canada 5.566% 5.297% 5.598% 5.599% 5.580% 5.577%
Switzerland 5.042% 4.462% 4.950% 4.965% 5.010% 5.018%
Spain 4.722% 4.194% 4.625% 4.649% 4.689% 4.688%
France 4.288% 3911% 4.224% 4.236% 4.263% 4.264%
Italy 3.531% 3319% 3.497% 3.500% 3.518% 3.518%
New Zealand 3.144% 3.031% 3.120% 3.139% 3.139% 3.143%

United Kingdom 2.197% 2299% 2.217% 2.213% 2.200% 2.203%

Table A.25: Comparison of shares across protocols — Mexico sample (U20-G20)

Destination Full choice set RS IS1 IS2 1S3 IS4

USA 45.76% 34.65% 51.25% 47.36% 46.26% 46.07%
Germany 7.287% 4.449% 5.445% 6.069% 6.952% 6.915%
Canada 5.620% 5.059% 5.404% 5.778% 5.718% 5.669%
France 4.884% 3.439% 3.821% 4.261% 4.699% 4.686%
Spain 3.960% 2.921% 3.071% 3.320% 3.862% 3.798%
Ttaly 3.141% 2.680% 2.661% 2.889% 3.040% 3.034%
United Kingdom 2.682% 2.657% 2.434% 2.687% 2.687% 2.641%
Japan 1.280% 1.692% 1.134% 1.287% 1.234% 1.257%
Brazil 0.740% 1.421% 0.890% 0.768% 0.740% 0.762%
China 0.373% 0.857% 0.471% 0.437% 0.364% 0.382%
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Table A.26: Comparison of shares across protocols — Mexico sample (LL60—G20)

Destination Full choice set RS IS1 IS2 1S3 IS4

USA 45.76% 32.31% 46.89% 47.27% 46.35% 46.32%
Germany 7.287% 4.678% 5.833% 6.094% 6.935% 6.953%
Canada 5.620% 5249% 5.614% 5.657% 5.661% 5.652%
France 4.884% 3.640% 4.136% 4.289% 4.684% 4.692%
Spain 3.960% 3.081% 3.309% 3.420% 3.821% 3.813%
Italy 3.141% 2.835% 2.895% 2.936% 3.049% 3.052%
United Kingdom 2.682% 2.796% 2.635% 2.666% 2.682% 2.679%
Japan 1.280% 1.697% 1.226% 1.308% 1.275% 1.277%
Brazil 0.740% 1.282% 0.865% 0.787% 0.754% 0.758%
China 0.373% 0.800% 0.488% 0.437% 0.378% 0.383%

Table A.27: Comparison of shares across protocols — Afghanistan sample

(U20-G20)

Destination Full choice set RS IS1 IS2 IS3 1S4

USA 18.02% 1239% 19.16% 1698% 16.64% 17.68%
Germany 12.43% 5.174% 7.685% 1226% 11.92% 12.36%
Iran 10.45% 8.033% 11.64% 10.63% 11.18% 10.33%
Turkey 8.658% 5.949% 8.332% 8.615% 8.756% 8.608%
Pakistan 8.319% 7.732% 11.92% 11.26% 11.37% 8.382%
Saudi Arabia 8.180% 6.529% 7.844% 7.161% 7.733% 8.115%
United Kingdom 6.305% 5.634% 6.681% 6.474% 6.329% 6.413%
Canada 4.518% 4.106% 4.303% 4.197% 4.148% 4.580%
Australia 3.321% 3.208% 3.050% 3.027% 3.000% 3.383%
United Arab Emirates 1.620% 1.962% 1.415% 1.430% 1.535% 1.658%
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Table A.28: Comparison of shares across protocols — Afghanistan sample

(U60-G20)

Destination Full choice set RS IS1 1S2 IS3 1S4

USA 18.02% 13.33% 18.79% 17.70% 17.59% 17.99%
Germany 12.43% 5811% 8.084% 12.29% 12.25% 12.41%
Iran 10.45% 8.821% 11.39% 10.50% 10.71% 10.43%
Turkey 8.658% 6.501% 8.403% 8.556% 8.678% 8.648%
Pakistan 8.319% 7.626% 10.01% 9.377% 9.306% 8.323%
Saudi Arabia 8.180% 7.294% 8.500% 7.801% 8.023% 8.172%
United Kingdom 6.305% 5712% 6.528% 6.413% 6.323% 6.322%
Canada 4.518% 4271% 4.444% 4.408% 4.391% 4.529%
Australia 3.321% 3318% 3.207% 3.217% 3.209% 3.331%
United Arab Emirates 1.620% 1.991% 1.595% 1.562% 1.590% 1.625%
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