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Abstract

The social sciences have produced an impressive body of research on determinants
of fertility outcomes, or whether and when people have children. However, the
strength of these determinants and underlying theories are rarely evaluated on their
predictive ability on new data. This prevents us from systematically comparing
studies, hindering the evaluation and accumulation of knowledge. In this paper,
we present two datasets which can be used to study the predictability of fertility
outcomes in the Netherlands. One dataset is based on the LISS panel, a longitudinal
survey which includes thousands of variables on a wide range of topics, including
individual preferences and values. The other is based on the Dutch register data
which lacks attitudinal data but includes detailed information about the life courses
of millions of Dutch residents. We provide information about the datasets and the
samples, and describe the fertility outcome of interest. We also introduce the fer-
tility prediction data challenge PreFer which is based on these datasets and will
start in Spring 2024. We outline the ways in which measuring the predictability
of fertility outcomes using these datasets and combining their strengths in the data
challenge can advance our understanding of fertility behaviour and computational
social science. We further provide details for participants on how to take part in
the data challenge.
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Introduction

Fertility outcomes — or whether and when people have children — is a major topic
of study across the human sciences because of its importance for individuals and
societies. Sociological and demographic research has developed numerous theories
of fertility [1-6] and produced a sophisticated body of work on the many character-
istics associated with fertility [7]. These range from the social environment during
upbringing [8, 9] to partnership trajectories in later life [10, 11], from social interac-
tions with friends [12, 13] to family policies in society [14], and from biological dif-
ferences [15—17] to differences in values [5, 18]. Despite these advancements in our
understanding of fertility outcomes, there is no agreement on the relative importance
of these characteristics [19—23]. Moreover, characteristics considered important only
explain a fraction of the variation in fertility outcomes [24, 25], and factors thought to
underlie fertility declines cannot explain recent drops in fertility [26]. This suggests
that our understanding of fertility is still limited.

In the social sciences, there is a growing recognition that quantifying (out-of-
sample) predictability of an outcome can improve our scientific understanding of it
and assess the practical relevance of the theories explaining it [27-31]. Despite the
potential of a focus on prediction, it remains under-utilised in the social sciences and
demography in particular, although notable exceptions do exist [32-38]. One of the
methods to measure predictability is a data challenge, where several teams compete
to predict a particular outcome using the same dataset and evaluation criteria. Data
challenges have led to major progress in different disciplines [39—41], but rarely have
been used in the social sciences.

In this paper, we present two unique data sources which can be used to measure
the predictability of fertility outcomes to help overcome some of the problems of
fertility research and describe how to use these datasets in a data challenge. One of
these data sources is the LISS panel, a longitudinal survey based on a random, repre-
sentative sample of the Dutch population covering a wide range of topics, including
many factors associated with fertility, identified in the previous research. The other
is Dutch register data, which includes information about the life courses of the entire
Dutch population. Using this combination of “wide” survey data and “long” admin-
istrative data within a data challenge framework can provide insights for fertility
research, social policy, and family planning. Furthermore, it may help to clarify the
reasons behind poor predictions of other life outcomes [35, 42], and it can serve as a
showcase for how data science methods can advance our understanding of different
phenomena of interest to the social sciences.

The main aims of the paper are the following. First, to describe these datasets
and the data preprocessing steps that we took tailored for the task of measuring pre-
dictability of fertility outcomes. Second, to introduce the data challenge PreFer for
predicting fertility outcomes in the Netherlands which uses these datasets. We out-
line the potential benefits of the data challenge in understanding fertility behaviour,
present its methodology, and provide details on how to participate in the challenge.
Before we do so, we first describe the advantages of the focus on prediction and using
data challenges in the social sciences.
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Explanatory and predictive modelling

A dominant approach in the social sciences, including fertility research, is explana-
tory modelling. A typical statistical model assesses a pre-specified theoretical model
on the basis of a limited number of variables, and support for a theoretical mechanism
is often based on whether an estimated coefficient is different from zero, most often
assessed via a p-value. The quality of the model is traditionally evaluated on the same
data that was used to estimate the model.

While this approach has advanced and will continue to advance our scientific
understanding, it also has shortcomings. First, the process of evaluating the quality
of the model using the same data the model was fitted on may result in overfitting,
in which a model may pick up on peculiarities in the data that do not generalise to
other, unseen cases [28, 43]. This means that we likely put too much confidence in the
findings arising from a model that is fitted and evaluated on the same data. Second,
the inclusion of a limited number of variables and in addition a limited number of
interactions between them (often for the sake of interpretability) may mean important
variables and non-linear relationships are overlooked (i.e., underfitting) [29], and the
importance of different factors cannot be assessed. Third, while the p-value, when
statistical assumptions are met, can show whether an estimate is unlikely to be zero,
it cannot serve as a measure of effect size [27], and thus cannot be used to determine
which variables are most strongly associated with an outcome across different mod-
els (this also holds for frequently used effect sizes like the odds-ratio [44, 45]). The
p-value is also easily influenced by decisions in the process of statistical analysis,
including sample selection, outlier removal, or the operationalisation of variables
[31, 46].

Given these limitations of the p-value, underfitting, and overfitting, it is harder to
systematically compare different studies and assess the practical importance of spe-
cific theories for social policy. These limitations are also partially responsible for the
reproducibility crisis observed in many disciplines [47-51].

Complementing explanatory modelling with predictive modelling — using a sta-
tistical model to predict previously unseen observations and measure the predictive
accuracy — may alleviate these problems [27]. Out-of-sample predictive ability, or
how well a model can predict novel cases (e.g., out-of-sample root mean squared
error, out-of-sample accuracy in predicting binary outcomes), is an easy-to-under-
stand and useful measure of model quality. It has the same interpretation, regardless
of the underlying assumptions of the statistical model. For example, the predictive
ability of a Poisson regression, linear regression, or decision tree on the same out-
come using the same predictor variables can be usefully compared. Out-of-sample
predictions help avoid overfitting and hence false positive results because it is evalu-
ated on novel data (on a held-out set or using cross-validation, a process in which a
dataset is separated into several training and test sets and the quality of the model is
determined by its performance across the different test sets). All that makes out-of-
sample predictive ability a better measure of how well our model is performing and
to what extent our theories are predictive in the real world, producing more valid
evidence for practical use [52-54].
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A data-driven approach focusing on prediction can further alleviate underfitting,
because such an approach often includes many or all variables available (of course,
at a risk of hindering interpretability and causal analysis). This also allows us to
assess how much each predictor contributes to the model predictions, compare the
importance of a wider set of predictors, and find novel predictors. Many data-driven
analytical approaches are also well-suited to identify non-linear patterns and interac-
tions [29]. Overfitting of complex data-driven models can again be guarded against
through a process of cross-validation. In the case of overfitting, the model can be
simplified (for example using regularization). Variability in results across different
datasets in the process of cross-validation (e.g., which variables are selected in the
model in different iterations) by itself indicates which variables are consistently asso-
ciated with the outcome of interest.

Data challenges

One of the ways in which a focus on predictive ability has led to rapid progress in
other disciplines is through data challenges [55, 56], also known as benchmarks or
common tasks. A data challenge consists of inviting (teams of) researchers to engage
in a common task of trying to best predict a particular outcome in the holdout dataset
on the basis of a common training dataset using a pre-defined metric for out-of-
sample predictive ability [55].

Data challenges have led to advancements and breakthroughs in several scientific
fields, including computer and data science [40], natural language processing [41,
57, 58], physics [59], biology [60], and biomedicine [39]. Such challenges allow us
to assess the limits of predictability of an outcome given the data and methods (i.c.,
statistical analysis strategies). When many researchers with various backgrounds
participate in a data challenge, the final result likely reflects not just the limits of a
particular method or skills of researchers, but the current limits of predictability for a
given dataset [35]. The element of competition (driven by the publication of ranking,
desire to beat the current high score, public acknowledgement of winning teams, and,
sometimes, prize money) and getting access to normally restricted datasets motivate
people to participate and publicly evaluate methods in terms of predictive perfor-
mance (sometimes referred to as “benchmarking”), which aids in better estimating
the upper limits of predictability.

Data challenges can also accelerate scientific progress because they allow us
to compare different methods, and through this comparison gain insights into the
research problem at hand [35, 56]. For example, gaps in predictive ability between
theory-driven models (based on smaller sets of variables specified in theories) and
data-driven models can prompt discussions as to why these gaps exist and stimulate
improvements in theories, data, and measurements [35, 42, 53]. A comparison of
models can identify predictive yet overlooked variables, best operationalisations of
variables, non-linear effects, and interactions between variables.

In the social sciences to date, one large-scale data challenge has been organised,
namely the Fragile Families Challenge [35]. In this challenge, participants predicted
six life outcomes of adolescents in the United States, using a longitudinal dataset
with thousands of early life predictors from birth cohort surveys. The challenge
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showed low predictability of these life outcomes: the best predictive models were
only slightly better than simply predicting the mean of the training data. One of the
major conclusions of this landmark study was that our understanding of these life
outcomes may have been more limited than previously thought. This sparked discus-
sions on the reasons for low predictability [42], ranging from acknowledging that
previous scientific understanding of child development is incomplete or incorrect to
the hypothesis that these outcomes are inherently unpredictable to the idea that the
sample size typical for social science surveys was not sufficiently large for machine
learning algorithms to produce accurate predictions [35, 42].

Novel opportunities for fertility research

Using a combination of the LISS panel data and Dutch register data in a data chal-
lenge framework can significantly impact fertility research for several reasons. The
first benefit comes from measuring the current limits of predictability of fertility out-
comes. This is an end in itself, as we currently do not know how predictive common
variables in fertility research are. The (in-sample) measures of model quality that are
occasionally presented (e.g. the coefficient of determination) can be a poor proxy of
the strength of out-of-sample predictive ability, and this holds even more for p-values
that are often used as evidence for the strength of a particular theoretical mecha-
nism [27]. Measures of out-of-sample predictability also constitute a better basis for
cumulative scientific progress [28]. In future analyses based on the same datasets, the
predictive ability of novel methods (e.g., selection of variables, improved algorithms)
can be compared to established benchmarks based on the challenge.

A combination of “wide” survey data (many variables/features) and “long” admin-
istrative data (many cases) provides a good opportunity to measure the current pre-
dictability of fertility outcomes. The LISS panel includes many of the previously
identified factors associated with fertility behaviour, including intentions and values.
Dutch register data includes many important variables (measured over twenty years)
for the entire population. Recent developments in register data have furthermore led
to the opportunity of creating many additional variables. For example, variables can
be created on the basis of information on neighbourhood characteristics, characteris-
tics of the workplace, and, rather uniquely, on people’s social networks (e.g., through
information on neighbours, kin, colleagues, and classmates). The setup of our data
challenge further allows linking the survey data to the register data and combining
their strengths to increase predictive ability (see Combining Survey and Register
Data).

The second benefit is that a quantification of the predictive ability of various vari-
ables helps determine the scope of potential interventions. A highly significant vari-
able that has low predictive value is not a useful target for intervention. Identifying
the most important predictors helps create a shortlist of potential interventions that
can then be tested independently. This can also help individuals make more informed
decisions concerning family planning and avoid having fewer children than desired,
which is common in Western countries [61, 62].

Further opportunities for fertility research come from comparing and interpreting
different methods employed within the data challenge. In particular, comparing data-
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driven methods to theory-driven can contribute to theorising in several ways. The
differences in predictive ability between theory- and data-driven methods highlight
possible improvements for theorising based on the dataset and variables at hand [53].
Such improvements can come from overlooked variables, non-linear effects, and
interactions between variables that are less systematically evaluated in theory-driven
analyses. Comparing the predictive performance and most predictive variables for
the survey and register data gives insight into the importance of different types of
data, e.g. detailed longitudinal data about life courses spanning about two decades or
rich data about attitudes, preferences, and values.

An advantage of predictive modelling is that it readily allows for assessing for
which groups of people predictions are best (or worst). Such post-hoc predictive
performance analyses can provide new insights into the reasons for varying perfor-
mance [63]. The large sample size of the Dutch register data allows such detailed
analysis. These analyses are made stronger through a data challenge because it can
give insights into whether the behaviour of some groups is predicted well and other
groups poorly by all analytical strategies, or whether analytical strategies vary in
which groups they can predict well.

Data description
LISS panel survey data

The LISS panel is a high-quality online survey infrastructure based on a traditional
probability sample drawn from the Dutch population register by Statistics Nether-
lands and is managed by the non-profit research institute Centerdata. The representa-
tiveness of the LISS panel is similar to that of traditional surveys based on probability
sampling' [64, 65]. Initial selection biases were substantially corrected by refresh-
ment samples [66].

There are two main sources of data on the LISS panel: the LISS Core Study and
Background surveys. The LISS Core Study is a longitudinal study that is fielded
each year in the LISS panel and measures the same set of variables. The Core Study
includes ten modules that cover a wide range of topics from income, education, and
health to values, religion, and personality, including variables designed specifically
to study fertility behaviour (e.g. fertility intentions)>. The Background survey is
filled out by a household’s contact person when the household joins the panel and is
updated monthly?. It collects basic socio-demographic information about the house-
hold and all of its members (including those who are not LISS panel members and do
not participate in the Core surveys). The description of the LISS Core Study modules
and Background survey is provided in Table 1.

! Details about the sample, recruitment, and refreshment samples can be found at https:/www.lissdata.
nl/methodology.

2 The questionnaires of all the Core Study modules can be found at https://www.dataarchive.lissdata.nl/
study-units/view/1.

3 The questionnaire of the Background survey is available at https://doi.org/10.57990/qn3k-as78.
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Table 1 LISS panel studies that are included in the merged dataset. The codebooks (in Dutch and English)
are available via the links

Name Description DOI

Background ~ Socio-demographic variables at the house- https://doi.org/10.57990/qn3k-as78
variables hold level and individual level. Filled in by a
contact person about all the household mem-
bers participating in the LISS panel when
the household joins the panel. Thereafter, the
contact person is presented with the back-
ground questionnaire every month to enter
any changes that may have occurred.
Core Study
modules:
Health Physical and mental health assessments and ~ https://doi.org/10.17026/dans-ze3-5uk9
medication use, lifestyle habits.
Religion and  Religious upbringing, religious affiliation, https://doi.org/10.17026/
Ethnicity religiosity, religious orthodoxy. Nationality,  dans-xkw-t8dm
origin, ethnic identification, language profi-
ciency and use.

Social Inte- Social contacts, core discussion network, https://doi.org/10.17026/dans-zaf-casa
gration and loneliness. Leisure activities, voluntary work
Leisure and informal care, social media usage.
Family and Family structure, social support from family, https://doi.org/10.17026/
Household parenting and children, domestic responsibili- dans-xkd-5hp5

ties, child education and childcare.
Work and Employment status and history, job satisfac-  https://doi.org/10.17026/dans-x26-tttv
Schooling tion and conditions. Education, qualifications,

and training.
Personality Subjective well-being, personality traits. https://doi.org/10.17026/dans-x5h-4cxd
Politics and Political Engagement and Attitudes, Political https://doi.org/10.17026/dans-zms-r5rz
Values Affiliation and Orientation, Values and Social

Attitudes.

Economic Different kinds of assets, loans and debts. https://doi.org/10.17026/dans-z2r-n69z
Situation:

Assets

Economic Different sources of income, subjective https://doi.org/10.17026/

Situation: standard of living. dans-24y-dkgk

Income

Economic Housing characteristics, expenditures, satis-  https://doi.org/10.17026/dans-zgv-9gky
Situation: faction with housing.

Housing

The Core Study modules and all their different waves are stored separately. For the
task of measuring the predictability of fertility outcomes, we constructed a merged
dataset based on all modules from the LISS Core Study from 2007 to 2020. This
dataset consists of more than 30 thousand variables.

The task of the data challenge is to predict who will have a child in 2021-2023
based on data from all previous years (see Fertility outcome and Methodology for
details). As very few people have children before the age of 18 and after the age of
45, we chose as the target group those who were between 18 and 45 years old in 2020
and who participated in at least one Core study in 2007-2020.
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The LISS panel started in 2007 when approximately 5000 households comprising
8000 individuals of 16 years and older were recruited (about 6000 of them being
1845 years old) [67]. The annual attrition rate is approximately 10%. To counteract
this drop out, new panel members are recruited every two years based on the popula-
tion registers (i.e., refreshment samples), maintaining the representativeness of the
LISS panel [66]. Overall, in 2007—2020 around ten thousand people aged 1845 were
members (at least at some point) of the households recruited in the LISS panel. When
members from recruited households moved out of the household they remained in the
panel (but in a different household). About 70% of this group (~ 6900 people) actu-
ally participated in at least one Core survey between 2007 and 2020. These people are
our target group, and all of them are included in our main dataset.

Most of our target group, or LISS panel members who participated in at least one
Core study before 2020 and were aged 18—45 in 2020, have dropped out of the LISS
panel by 2021-2023. To create our outcome variable, we could make use of both the
Core surveys and the Background variables, but even still we were able to create the
outcome for only about 1400 respondents (99% of these respondents participated
at least in one Core study in 2019-2020, so for almost all of them the most recent
predictors are available). For a data challenge, this number is rather small; however,
it is a common sample size for a social science dataset on a representative sample.
Moreover, there are no alternative options for survey data that have longitudinally
gathered so much data from respondents and that can be linked to register data.

The dataset is split into a fraining set (the outcome and predictors), available to
participants of the challenge (it includes around 70% of people from the target group
for whom the outcome is known) and a holdout set for evaluation (the remaining 30%
of people from the target group for whom the outcome is known), unavailable to the
participants during the data challenge (see Fig. 1).

An important consideration in creating training and holdout data is how to deal
with participants from the same household. Participants from the same household
cannot be considered independent data points. Using models fitted on particular peo-
ple in the household in the training data to make predictions about other people in
the household in the holdout data can be seen as a case of overfitting, as there are
several variables measured on the household level that have identical values for all
household members, and a model can pick up on these similarities to make predic-
tions. This is why we randomly selected households rather than participants into the
training or holdout data meaning that all participants of one household are either in
the training data or in the holdout data.

To do that we selected the households where the outcome was available at least
for one household member and grouped these households into two groups: (1) where
at least one person had a new child, (2) where no one had a new child. Then we ran-
domly selected 30% households from each group. We assigned all participants who
belong to these households to the holdout set, and excluded people for whom the
outcome is missing from the holdout set. All participants from the remaining 70%
of households (as well as participants from the households where the outcome was
missing) were assigned to the training set. To verify whether the participants in the
resulting training and holdout groups are similar, we compared the distributions of
three variables in the holdout and training sets (excluding participants with a missing
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Fig. 1 Survey data from the LISS panel used in the data challenge. A) Two datasets based on the Core
Study modules from 2007-2020. The main dataset contains only of the target group: participants of
the LISS panel aged 1845 in 2020, for whom at least some information is available in these Core
Study modules (~ 6900 people). The outcome is available for ~ 1400 of them. A supplementary dataset
containing the same Core Study modules but only for respondents who are younger than 18 and older
than 45 is provided in a separate file. C) Background dataset which contains monthly information on
about 30 variables from the LISS Background survey from 2007-2020 for all LISS panel participants
and their household members

outcome): the outcome, age, and the number of waves of the Core Study modules a
person participated in (operationalised as answering at least one question). Partici-
pants in the training and holdout data were very similar based on these variables. It
is important to note that only part of the training set—people for whom the outcome
is not missing—is comparable to the holdout set because the holdout set does not
include people for whom the outcome is missing and the outcome is probably not
missing at random.

We also provide two additional datasets which optionally can be used by the data
challenge participants to enrich the training set (see Fig. 1). The first is the Back-
ground variables dataset, which includes all monthly values of several variables from
the Background survey for the duration that a respondent (or household) participated
in the panel. This dataset includes information from all members of the LISS panel
(including those who are not in our target group) and their household members. The
second additional dataset is based on the Core Study modules and is in its struc-
ture identical to the main dataset but contains information on respondents who are
younger than 18 and older than 45.
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Participants will also have access to two machine-readable codebooks that contain
information on, amongst other things, how particular variables have been measured
over time, possible answer options to each question, and the type of variables (e.g.,
categorical, numerical, or date). These codebooks have been created specifically for
the PreFer data challenge. Current codebooks for the LISS panel are separate for each
survey and are either in pdf-format or on a password protected website, which can
limit the efficiency of data preparation for most machine learning approaches [68].

Dutch register data (CBS)

The register data comes from several Dutch registers collected by Statistics Nether-
lands (CBS) (we will refer to this source as CBS data) [69]. It includes many datasets
about persons, households, jobs, businesses, dwellings, vehicles, and more*.

For the task of measuring the predictability of fertility outcomes, we selected and
merged several CBS datasets. We did not make use of the datasets that appear less
relevant (e.g., about businesses) and those that contain particularly sensitive informa-
tion (e.g., prescribed medication). The list of datasets that are available during the
challenge with a brief description is provided in Table 2. Most of these datasets cover
the period from 1995 to 2023. These datasets include information about marriages
and partnerships, children, education, employment, income and assets, neighbour-
hood characteristics and more. A dataset is also available on 1.4 billion relationships
between all 17 million inhabitants of the Netherlands [70], leading to a unique oppor-
tunity to include information on how people are embedded in networks of family
members, neighbours, colleagues, household members, and classmates, and on char-
acteristics of people in these networks.

Based on these selected datasets, we prepared a starter package: a base prepro-
cessed dataset (mostly with the data from 2020) along with a codebook in Dutch
and English. This dataset contains information about all individuals who were: (1)
18-45 years old at the end of 2020 (because of the outcome we have chosen, see
Fertility Outcome), and (2) residents of the Netherlands at least in 2020-2023 (i.c.,
for whom we can establish the fertility outcome and for whom at least some informa-
tion from previous years is available). In addition to the variables already included
in the selected datasets (such as level of education, partnership status, and personal
income), we constructed more than twenty variables for this sample (e.g., age, total
number of children in 2020, age of the youngest child in 2020, total number of mar-
riages and partnerships by the end of 2020, characteristics of jobs). Moreover, for
each individual in this dataset, we added information on the household level (e.g.,
household income and composition), on the partner if the focal individual had one
(e.g., partner’s education, income and socio-economic category), and on neighbour-
hood characteristics (e.g., distance to the closest childcare). We also linked results
of the Dutch 2017 general elections, 2019 provincial elections, and 2020 municipal
elections (proportion of votes for different parties by municipality) as voting for par-
ticular parties might correlate with conservative views and religion [71, 72].

4 For the full list of datasets available, see the CBS micro-data catalogue (https://www.cbs.nl/nl-nl/onze-
diensten/maatwerk-en-microdata/microdata-zelf-onderzoek-doen/catalogus-microdata).
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Participants of the data challenge will be able to calculate additional variables
based on the full longitudinal datasets that are available (see Table 2). As an example,
the training data may be enhanced by characteristics of the networks of the partici-
pant, using the network datasets for linkage [70]. Example scripts will be available on
the challenge website’ on how to preprocess network datasets and calculate network
characteristics.

Additional CBS datasets (not initially selected) can be requested throughout the
challenge with a short justification of why the dataset is requested. The relevant CBS
datasets can be searched using the CBS micro-data catalogue® and ODISSEI portal’.
Data from external sources (not included in the CBS datasets) that can be linked to
groups of individuals can also be uploaded (if approved by trained CBS employees)
— for example, welfare policies by municipality®.

We split the sample into training (70%) and holdout data (30%). We first randomly
split the households, meaning that individuals within one household are all either in
the training data or the holdout data. Then we randomly split the holdout set into the
data for the intermediate leaderboard (one third of the holdout set; 10% of the entire
sample) and the data for the final leaderboard (two thirds; 20% of the entire sample).
All intermediate submissions will be assessed on the intermediate leaderboard set,
and only the predictive performance of the final submissions will be assessed on
the final leaderboard set. The size of the CBS dataset allows setting aside this inter-
mediate leaderboard set to allow more submissions before the final one without the
increased risk of overfitting.

To allow adding the characteristics of the networks of individuals in the dataset
and because of the submission process (see Submission), only the outcome from the
holdout data is withheld; other variables will be available for the whole sample and
also for people over 45 and under 18 years of age (see Fig. 2).

It should be noted that CBS has not been involved in the design of this study and
access to the CBS data within the data challenge is subject to clearance of CBS.

Combining survey and register data

The LISS data can be linked to CBS data inside the secure Remote Access (RA) CBS
environment. Almost all LISS participants consented to this linkage. We performed
the linkage and it was successful for approximately 90% of LISS panel participants.
This linkage provides a unique opportunity to develop and test multiple approaches
to enhance the predictive performance by using both datasets. For example, the LISS
training data can be enriched by adding variables about the families of the panel
respondents, information which is available inside the CBS RA. Moreover, missing

Shttp://preferdatachallenge.nl.

6 The catalogue is available at https://www.cbs.nl/nl-nl/onze-diensten/maatwerk-en-microdata/microdata-
zelf-onderzoek-doen/catalogus-microdata.

7 See the instructions on how to use the ODISSEI portal (https:/portal.odissei.nl/) in the user guide
https://guides.dataverse.org/en/5.13/user/.

8 See the instructions for uploading external datasets here https://www.cbs.nl/en-gb/our-services/custom-
ised-services-microdata/microdata-conducting-your-own-research/importing-external-datasets.
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values in the outcome can be imputed from CBS data to increase the LISS training
set. Transfer learning [73] can also be used to leverage the strength of both datasets;
this would involve first training using the register data with subsequent fine-tuning on
survey data. Such approaches possibly yield better predictions on the LISS holdout
set.

Fertility outcome

For the data challenge, in both datasets we constructed the following fertility out-
come: having a(nother) child in 2021-2023, either biological or adopted.

We chose this outcome for several reasons. First, it is a hard task, but the shorter
time frame makes it less difficult than predicting fertility outcomes that unfold over
a much longer period, such as age at first birth or the number of children. The stud-
ies on the association between intentions to have a child in the future — argued to
be strong determinants of reproductive behaviour [1] — and actual fertility illustrate
the difficulties in predicting long-term outcomes. There is a well-established dis-
crepancy between lifetime fertility intentions, or the total intended family size, and
completed fertility outcomes in low-fertility settings [74—76]. Changing life circum-
stances, macrostructural shocks, and uncertainty and instability of fertility intentions
themselves over the life course likely account for this discrepancy [77-83]. A shorter
time frame reduces the chance of these changes, making short-term fertility inten-
tions more likely to be realised (and short-term fertility potentially more predictable),
although the degree of their realisation varies by country [75, 84-89].

Second, different processes may underlie births of different parity (e.g., first child,
second child) [90], which the data challenge can tap into [91]. For example, the fer-
tility behaviour of siblings particularly strongly affected respondents’ first but not
second births [9]. In contrast, closer spatial proximity to kin increases the likelihood
of second births and decreases first births [92].

A third and pragmatic reason is that of data availability. Several fertility outcomes
that are also of interest, such as the age at first or last birth or the total number of
children can only be derived for the population that has already reached the end of
their reproductive period (i.e., at least 45 years old, born in 1975 or earlier). The LISS
panel started in 2007 when people born in those cohorts were already 32 or older.
Potential important information about individuals’ life courses is either unavailable
or available in retrospect and may therefore not be reliable [93-95]. This also holds
true to some extent for the Dutch register data, as many important variables such
as education are only available from 1995 to 1999 onwards, so for the cohorts born
before 1975-1979 this data is scarce or unavailable. For this reason, attempting to
predict whether respondents have a child in a longer subsequent period (e.g., 10
years), would also come at a cost of data availability, as substantial proportions of
LISS respondents will not have data available for over ten years.

A final reason for choosing this particular outcome is the potential practical utility.
The postponement of childbirth is a major cause of involuntary childlessness [96]
and the increased demand for medically assisted reproduction. An increased under-
standing and better prediction of rates in which couples are not able to realise their
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Fig. 2 The scheme of the CBS data used in the challenge. The target group includes Dutch residents
aged 1845 in 2020. For them, part of the outcome variable (70%) and background variables are avail-
able for training. The background data is also available for the older and younger age groups which
may be needed to calculate particular network characteristics of the people in the target group

fertility intentions can be used in quantifying future need for assisted reproductive
technologies.

To create the outcome for the LISS data, we primarily used the data from the
“Family and Household” Core Study module. We used information on the number
of children in 2020-2023 (alive and deceased) and the relation between the parents
and children (i.e., biological, adoptive, step-parent or foster parent). We used infor-
mation from the background variables dataset if information on the outcome was
missing based on the “Family and Household” module. On the basis of these vari-
ables, we calculated a binary outcome: whether a person had at least one new child
in 2021-2023 or not. Parts of the LISS data (including the “Family and Household”
2023 wave) will be made openly available for researchers only after the end of the
data challenge.

In the case of the CBS data, we used the CBS dataset Kindoudertab® which links
children with their legal parents. Based on that, for each person in the sample (Dutch
residents aged 18—45 in 2020), we calculated the number of children in each year
between 2021 and 2023 and then derived whether or not a person had at least one
new child in 2021-2023.

° Details about the dataset can be found at https://doi.org/10.57934/0b01e41080119401.

@ Springer


https://doi.org/10.57934/0b01e410801f9401

Journal of Computational Social Science

Approximately 22% of people in the LISS target group (for whom the outcome is
known) and approximately 15%!? in the CBS target group had a new child between
2021 and 2023. The percentage for the LISS panel is higher because of the way
we constructed the outcome for this dataset. With particular patterns of missing and
available data, we can be certain whether respondents had a child but we cannot be
certain about them not having a child. For instance, if information for a respondent
is missing in 2023, we cannot exclude the possibility that this respondent had a child
in 2023. Conversely, any increase in the number of children in 2021, 2022, or 2023
means that a new child was born even if information for some of the waves is miss-
ing. Therefore, among individuals with incomplete data on the number of children,
we can only determine the outcome for some who had a new child (during the years
for which information is available), leaving those without a new child underrepre-
sented among the part of our LISS target group for whom the outcome is known.

Methodology of the data challenge PreFer

Here we describe the Predicting Fertility (PreFer) data challenge. For the most recent
updates and further details, see the PreFer website https://preferdatachallenge.nl.

The task, goals and research questions

The goal of the data challenge is to assess the current predictability of individual-
level fertility and improve our understanding of fertility behaviour.

This challenge focuses on the following task: predict for people aged 1845 in
2020, who will have a(nother) child within the following three years (2021-2023)
based on the data up to and including 2020.

The results of the data challenge will be used to answer the following research
questions:

e How well can we predict who will have a(nother) child in the short-term future
in the Netherlands?

o What are the most important predictors of this fertility outcome?

e Are there novel predictors for this fertility outcome, unaccounted for in the ex-
isting theoretical literature? (this can include non-linear effects and interactions
between predictors)

o How do theory-driven methods compare to data-driven methods in terms of pre-
dictive accuracy?

e What poses larger constraints on predictive ability: the number of cases or the
number of (‘subjective’) variables? Survey data typically consists of hundreds or
thousands of variables (including subjective measures like intentions or values)
on a relatively small sample (at least in comparison to data science projects [42]).
Population registers typically contain fewer variables only on a set of ‘objective’

10 At the time of writing the most recent data from 2023 on parent-child links has not yet been released so
this number is an approximation.
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Fig. 3 Phases of the PreFer data challenge

measures (e.g., income, education, cohabitation) but describe a large number of
people.

e To what extent can predictions on survey data be improved by augmenting it by
register data? (e.g. imputing missing values, correcting measurement errors, add-
ing new variables)

e To what extent can predictions based on the register data be improved by aug-
menting it with survey data (e.g. “subjective” variables)?

Phases of the challenge

The challenge includes two phases (Fig. 3). The first phase is predicting the outcome
using only the LISS data. Participants will be able to download the LISS training data
on their own devices and run their methods locally. They will submit their methods
through a submission platform (see Submission). The first phase will take place in
April-May 2024.

In the beginning of June 2024, Phase 2, which includes three tracks, will start.
Based on the results of the first phase, several of the best-performing teams will be
selected for tracks 1 and 2 of the second phase to work inside the secure Remote
Access (RA) CBS environment. The second phase will run until the middle of Sep-
tember 2024. Teams that are not selected into tracks 1 and 2 will continue working on
the LISS data (this is track 3).

Access to the CBS RA environment and CBS data is governed by strict rules and
regulations in relation to data protection and privacy. One consequence of such rules
is that access to this RA environment is only possible from the European Economic
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Area and a few other countries'' and is subject to the approval of CBS and passing
security checks. Another issue in working in the CBS RA environment is that com-
puting resources are constrained. Given the limitations, only a selection of teams can
participate in the second phase. Around 10-20 teams will be selected from the first
phase into tracks 1 and 2 of the second phase and will be allowed to access the CBS
RA environment (see Determining the Winners for how the teams will be selected).
The costs of access to the CBS datasets will be covered by ODISSEI and access will
be subject to the vetting and agreement of Statistics Netherlands and the ODISSEI
Management Board under the general grant conditions of ODISSEI.

Tracks 1 and 2 differ on the holdout set for which the participants will predict
the outcome. Participants themselves can choose which track(s) they will work on.
In the first track, participants will predict the fertility outcome for the LISS holdout
set. This is similar to Phase 1/track 3, but the difference is that the LISS data can be
linked to CBS data inside the RA environment. In the second track, participants will
instead predict the fertility outcome for the CBS holdout set. This setup provides the
participants of tracks 1 and 2 with a unique opportunity to develop and test multiple
approaches to possibly enhance the performance of their methods by using both data-
sets (see Combining Survey and Register Data).

Submission

In the first phase and in track 3 in Phase 2, participants are asked to submit their
methods (the trained model and code that needs to be applied to the holdout data, as
well as the code used for training) rather than the predicted values themselves, along
with a description of the method used (e.g. approach to selecting the variables and
machine learning model and preprocessing the data). If participants performed analy-
ses to interrogate their model (see Determining the Winners), for example, assessing
the importance of different predictors for different groups, these scripts should be
provided as well.

For the submissions, participants will use the open-source web-platform Next. It
allows for reproducible submissions in data challenges in which data is not publicly
available, and therefore common solutions like Kaggle are not possible. Instructions
on how to submit to the platform and example code will be provided on the PreFer
website preferdatachallenge.nl. The submission platform supports the programming
languages Python and R. Potential submissions are automatically run on example
data to check for errors. If these checks are successful then the method can be submit-
ted and will be evaluated on the holdout dataset. This workflow fosters computational
reproducibility, which was a concern in the Fragile Families Challenge in which par-
ticipants submitted their predictions [97]. This also allows us to run submitted meth-
ods on different (or future) variants of the data.

In tracks 1 and 2 of the second phase, participants cannot make use of the sub-
mission platform because the register data is only available within the CBS Remote
Access environment. The participants are asked to submit predicted values generated

1" See the full list of countries at https://commission.europa.eu/law/law-topic/data-protection/interna-
tional-dimension-data-protection/adequacy-decisions_en.
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by their method by saving them in a special folder inside the RA environment along
with the trained model, all scripts used for data preprocessing and model training, and
a description of the method.

All the methods submitted in the challenge will be made publicly available in a
GitHub repository'? as well as the PreFer website. The models based on the CBS
dataset will only be made public after they have been screened by CBS to ensure that
the code itself does not disclose identifiable information.

Evaluation
Metrics

The metrics below are used in both phases of the challenge to assess the quality of the
predictions (i.e., the difference between the predicted values and the ground truth).
These are common metrics for classification tasks (i.c., predicting binary outcomes).

Accuracy The ratio of correct predictions to the total number of predictions made.
Accuracy = # correct predictions / total # predictions.

Precision The proportion of positive predictions that were actually correct (i.e., the
proportion of people who actually had a new child in 2021-2023 of all the people
who were predicted to have a new child in this period).

Precision = # true positives / (# true positives + # false positives).

Recall The proportion of positive cases that were correctly identified (i.e., the pro-
portion of people who actually had a new child and were predicted to have a new
child of all people in the sample who had a new child in 2021-2023).

Recall = # true positives / (# true positives + # false negatives).

F1 score (for the positive class, or having a new child) The harmonic mean of the
precision (P) and recall (R).

F1=2x(Precision*Recall) / (Precision+ Recall).

For both phases of the data challenge, all four metrics will be used for the leader-
boards (ranked lists of the predictive performance of the submitted methods on the
holdout data). The F1 score leaderboard is the main leaderboard that will be used as
the quantitative criteria to determine the winners of the challenge. We chose the F1
score as the main metric because we are interested in methods that achieve an over-
all good performance in distinguishing between those who had and did not have a
child in 2021-2023. The F1 score helps develop methods that strike a good balance
between recall and precision, or that are reliable in identifying people who had a new

12 https://github.com/eyra/fertility-prediction-challenge.
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child while at the same time trying to minimize the number of false positive predic-
tions. This will allow us to better understand what predicts having and not having a
child. Accuracy is less suitable in this case because of the class imbalance, i.c., the
relatively low proportion of those who had a new child (around 22% in the LISS data,
15% in the CBS data).

To prevent overfitting to the holdout data, the number of submissions during the
challenge will be limited. Before the final submissions, participants will be able to
make several intermediate submissions in each phase (the number of submissions
and the deadlines will be provided on the data challenge website), after each of them
the in-between, anonymous leaderboards will be presented.

Determining the winners

To achieve the goals of the challenge, the winners are determined using both quanti-
tative and qualitative criteria. For the research goal of determining the predictability
of the fertility outcome, we use a quantitative evaluation, as described above. That
is, for each of the three tracks (track 1, track 2, and phase 1 together with track 3), a
winner will be determined on the basis of the F1 score. Overall, there will be three
winners determined based on the F1 score.

The F1 score will also be used as the main selection criterion for entry into tracks
1 and 2 of the second phase, for which approximately 10-20 teams will be selected.
However, the LISS and CBS datasets may require different skills to achieve the best
result. For example, some algorithms might perform worse on the LISS dataset but
might benefit from the larger sample size of the CBS dataset in terms of performance.
To ensure the representation of different methods in the second phase, an evaluation
committee will assess the submissions with the top F1 scores to select the teams that
can proceed to tracks 1 and 2 (provided that at least one team member can be present
for at least a part of Phase 2 in a country where it is allowed to access the CBS RA
and this person also passes security checks and is approved by CBS). The evalua-
tion committee will consist of the organisers of the challenge, an expert in fertility
research, and a data scientist.

To recognise other important contributions in furthering the understanding of fer-
tility behaviour, an evaluation committee will also assess the submissions on the
basis of qualitative criteria: (1) innovativeness: a novel approach using ideas from
either social sciences or data science (e.g. using approaches such as transfer learn-
ing, still uncommon in the social sciences), and (2) whether the method improves
our understanding of fertility. The latter can be done by unpacking the method, for
example, by doing error analysis, or examining misclassified cases and trying to
understand why the method failed to classify them; analysing predictive performance
for particular groups; analysing interactions and importance of factors overall and for
different groups; identifying good predictors that were not considered so far. Overall,
two additional winners (one for each criterion) among all challenge participants will
be selected based on these qualitative criteria.

All winners (five teams) will have an opportunity to present their method and
results in a plenary session at the ODISSEI Conference for Social Science in the
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Netherlands in Autumn 2024. One representative per team will have the costs of
attending the conference covered.

It is important to note that while we will select winners to recognise particular
contributions and to encourage the development of the best possible methods during
the data challenge, the goals of the data challenge can only be achieved through com-
munity efforts of all the participants of the challenge. Because of that all the submis-
sions are highly valued and will be recognised in scientific publications based on the
challenge (see A Special Issue).

Ethics

Predicting individual life outcomes can be a sensitive topic. However, we believe
that the potential benefits of this data challenge outweigh the potential risks. The
main potential benefit is more robust knowledge about one of the most important life
outcomes that is at the heart of many governmental policies [98]. Importantly, a sub-
stantial part of the group that is studied in the data challenge (people aged 1845 liv-
ing in the Netherlands) can benefit from the challenge, for example, by learning more
about the key factors that can hinder them from achieving their desired family size. In
particular, involuntary childlessness can have serious consequences for well-being.
The data challenge itself does not appear to substantially increase the risk of pri-
vacy breaches, because all data used in the challenge is either already available (or
will be available soon after the challenge) in the case of the LISS panel or access to
it is very strictly managed in the case of CBS'3. Nonetheless, for the LISS panel, the
risk of de-anonymization may be increased. First, the over 120 datasets that previ-
ously needed to be separately downloaded and linked will now be presented as one
merged file to participants. Second, the advertisement of the challenge may reach
people who would otherwise not have engaged with the LISS panel data. To evalu-
ate and combat risks of identification, a data protection impact assessment (DPIA)
was carried out for the LISS dataset by Centerdata, the institution responsible for the
management of the longitudinal survey. A DPIA is a structured procedure to iden-
tify potential risks at an early stage associated with the handling of personal data. It
serves as a crucial instrument for risk mitigation and for showcasing adherence to
GDPR compliance standards. The potential risks of privacy breaches, the likelihood
of their occurrence, and the potential impact they would have were identified so that
appropriate additional measures could be taken to mitigate these risks. Subsequently,
the levels of residual risks (the remaining risk after appropriate measures have been
taken) were assessed, revealing no medium or high-level residual risks. The measures
already implemented by Centerdata, following its standard procedures for dissemi-
nating survey data to the LISS Data Archive (e.g., pseudonymization, data cleaning,
data aggregation, and exclusion of sensitive personal data in open answers), already
adhere to the GDPR requirements and comply with Centerdata’s privacy policy'*.
First, as an additional measure, the datasets used for the data challenge were fur-

13 The measures to protect personal data and the data privacy regulations that CBS adheres to are described
here: https://www.cbs.nl/en-gb/about-us/who-we-are/our-organisation/privacy.

14 The privacy statement can be found at https://www.centerdata.nl/en/privacy-statement.
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ther pseudonymized with a unique respondent ID specific to this project. This means
that participants of the data challenge cannot link the data used in the challenge to
additional data in the LISS Data Archive. Second, although participation in the chal-
lenge is open to anyone who wants to participate, registration with a name and email
address is necessary. The data used for the data challenge is stored in a secure and
closed environment on the Next platform. Registered participants will be invited to
read and agree to a LISS data user statement specifically tailored for this project,
describing what is permitted and prohibited when working with the data. Only after
agreeing to these terms and conditions are they allowed to download the data for the
challenge.

With respect to the CBS data, the data will only be available for a small group of
participants within the Remote Access environment, conditional on passing a security
and awareness test, where all exports are verified and strict rules regulate what can
and cannot be exported from the environment'>. All access will be managed through
the standard CBS access protocols with each researcher being evaluated individually
and all current safeguards maintained. All directly identifying personal details are
removed from the CBS datasets and replaced by a pseudo key. There are also addi-
tional precautions in place, such as data minimisation (e.g., exact date of birth and
income information not made available). Furthermore, to prevent de-anonymisation,
the CBS data cannot be enriched with other data, unless this linkage with external
data is approved by trained CBS employees.

Another potential risk concerns the misuse of the predictive methods developed
in the data challenge that can pose threats to one’s privacy, especially if the accuracy
of predictions is high. For example, businesses may be interested to know when
employees or customers are likely to have children as in the infamous case where a
retail customer’s pregnancy was predicted based on previous consumption behaviour
and baby products were directed at the customer [99]. We believe these risks are miti-
gated by the fact that if predictive accuracy is high, it will likely require data on many
variables. Such extensive data at the individual level is difficult to acquire outside a
research setting, and cannot be collected without a person’s knowledge and consent.

Feasibility assessment and constraints

To test the setup and infrastructure of the data challenge we organised a pilot data
challenge at the Summer School for Computational Social Science at ODISSEI in
2023 (SICSS-ODISSEI). The methodology was similar to one of the upcoming data
challenge. The teams used two datasets (first LISS then CBS'®) to predict having
a(nother) child within the next three years (2020-2022) based on data up to and
including 2019.

A first version of the infrastructure was tested and lessons learned are taken into
account for the subsequent version of the infrastructure that will be used during the

15 See the rules concerning the export of information from the CBS RA environment here: https://www.
cbs.nl/en-gb/our-services/customised-services-microdata/microdata-conducting-your-own-research/
export-of-information.

16 Project number 9469.
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upcoming data challenge. Overall, the infrastructure worked well, but some more
detailed participant instructions for the submission process will be added in the
upcoming challenge. Furthermore, the participants will be provided with updated
documentation of the LISS and CBS datasets and instructions on how to work with
several CBS datasets such as social network files. Based on the participant’s experi-
ences, we made a FAQ about the submission process and using the CBS RA as well
as a list of common problems during the submission process and how to deal with
them, both of which will be posted on the PreFer website.

Some drawbacks of our setup are harder to overcome. For example, while much
effort has been put into allowing researchers access to CBS data, there are limita-
tions in terms of the programming languages and versions that it can provide, the
descriptions of the different datasets that can in principle be used, and the computing
resources (limited storage and memory and slower computations in peak hours). On
the website, we further describe these constraints and how participants can deal with
them.

About the organisers

The PreFer data challenge is organised by a collaboration between the Department
of Sociology at the University of Groningen; ODISSEI, the national research infra-
structure for the social sciences in the Netherlands; Eyra, a developer of software-
as-a-service solutions for reproducible science; and Centerdata, a research institute
managing the LISS panel'’. The team includes academic researchers, data scientists,
survey methodologists, and software engineers.

A special issue with the results of the data challenge

We plan to publish a paper presenting the design and results of the PreFer data chal-
lenge. Everyone who was part of a team that made a working submission at least
in one phase of the challenge will be invited to be a co-author of this paper. By a
working submission we mean a submitted method that produced predictions for the
holdout set and that is accompanied by a description of the method. There will be no
limit on the number of participants who can qualify as co-authors.

Additionally, we plan to publish a special issue on the results of the data challenge
in this journal. All the participants of the data challenge will be invited to submit a
manuscript to this special issue. The submitted papers will be peer-reviewed.

The call for papers with detailed instructions and requirements will be published
later on the PreFer website. A paper should describe the process that led to the final
submission. This includes for example decisions concerning data preprocessing and
handling missing data, model and variable selection, and what was learned during
this process. A paper can also be aimed at describing how the data challenge contrib-
uted to fertility research. Other ideas will also be possible after discussing them with
the challenge organisers. Manuscripts need to be accompanied by a clearly docu-

17 Further details about the organizers can be found at http:/preferdatachallenge.nl.
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mented modular open-source code that will allow other researchers to reproduce all
the results, as well as figures and tables in the article.

Data availability
Access for the participants of the PreFer data challenge

During the challenge, all PreFer participants will be able to download the LISS train-
ing dataset, the background variables dataset, and the dataset with information from
individuals not included in the target group via a link provided after registration and
after signing a data user statement. Access to the CBS data is only granted after a vet-
ting procedure (see Phases of the Challenge).

Access outside of the PreFer data challenge

Most LISS panel data (except the 2023 wave of the Family and Household survey
needed to calculate the outcome variable for the data challenge and recent Back-
ground information) can already be accessed for non-commercial scientific or policy-
relevant purposes by researchers affiliated with academic institutions after signing
a data user statement. Data are deliberately withheld until after the data challenge.

The scripts used to create all the LISS training datasets and the holdout dataset
(including the script to calculate the outcome variable) will be available on the proj-
ect page in the LISS data archive'® approximately in October 2024, after PreFer ends.

Researchers affiliated with a number of authorised scientific organisations can get
access to the CBS data for scientific purposes'®. The code to produce the outcome
variable, reproduce the train-test split, and prepare the base dataset will also be avail-
able at the same page in the LISS data archive®’.

Acknowledgements We are thankful to the participants of the pilot data challenge at SICSS-ODISSEI
2023 for their feedback that helped to improve the data challenge. We also thank Priscilla Zhang and Mara
Verheijen from Centerdata for merging and preparing the raw data files from the longitudinal LISS Core
Study and the LISS background surveys.

Funding This work is supported by a VIDI grant (V1.Vidi.201.119) from the Netherlands Organization for
Scientific Research (NWO) to GS. The LISS panel data was collected by the non-profit research institute
Centerdata (Tilburg University, the Netherlands). Funding for the panel’s ongoing operations comes from
the Domain Plan SSH and ODISSEI since 2019. The initial set-up of the LISS panel in 2007 was funded
through the MESS project by the Netherlands Organization for Scientific Research (NWO). The ODISSEI
Benchmark Platform, the ODISSEI-SICSS Summer School, and the development of the LISS harmonized
dataset are financed by the ODISSEI Roadmap Project financed by NWO.

18 This is the link to the project page in the LISS data archive: https:/doi.org/10.57990/f3ge-3a61.

19 The list of the authorised institutions can be found at https://www.cbs.nl/en-gb/our-services/customised-
services-microdata/microdata-conducting-your-own-research/institutions-and-projects. The application
process is described here: https://www.cbs.nl/en-gb/our-services/customised-services-microdata/micro-
data-conducting-your-own-research/applying-for-access-to-microdata.

20 See the project page in the LISS Data Archive here: https:/doi.org/10.57990/f3ge-3a61.

@ Springer


https://doi.org/10.57990/f3ge-3a61
https://www.cbs.nl/en-gb/our-services/customised-services-microdata/microdata-conducting-your-own-research/institutions-and-projects
https://www.cbs.nl/en-gb/our-services/customised-services-microdata/microdata-conducting-your-own-research/institutions-and-projects
https://www.cbs.nl/en-gb/our-services/customised-services-microdata/microdata-conducting-your-own-research/applying-for-access-to-microdata
https://www.cbs.nl/en-gb/our-services/customised-services-microdata/microdata-conducting-your-own-research/applying-for-access-to-microdata
https://doi.org/10.57990/f3ge-3a61

Journal of Computational Social Science

Declarations
Conflict of interest There is no conflict of interest to declare.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International License,
which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source, provide a link to the Creative
Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line
to the material. If material is not included in the article’s Creative Commons licence and your intended use
is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission
directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/
licenses/by/4.0/.

References

1. Ajzen, 1., & Klobas, J. (2013). Fertility intentions: An approach based on the theory of planned
behavior. Demographic Research, S16(8), 203-232. https://doi.org/10.4054/DemRes.2013.29.8.

2. Becker, G. (1960). An Economic Analysis of Fertility (pp. 209-240) [NBER Chapters]. National
Bureau of Economic Research, Inc. https://econpapers.repec.org/bookchap/nbrnberch/2387.htm.

3. Bongaarts, J. (1978). A Framework for analyzing the Proximate determinants of Fertility. Population
and Development Review, 4(1), 105-132. https://doi.org/10.2307/1972149.

4. Bongaarts, J., & Watkins, S. C. (1996). Social interactions and contemporary fertility transitions.
Population and Development Review, 22(4), 639—682. https://doi.org/10.2307/2137804.

5. Lesthaeghe, R. (2014). The second demographic transition: A concise overview of its development.
Proceedings of the National Academy of Sciences, 111(51), 18112—18115. https://doi.org/10.1073/
pnas.1420441111.

6. Mills, M. C., & Tropf, F. C. (2015). The Biodemography of Fertility: A review and Future Research
Frontiers. Kolner Zeitschrift Fur Soziologie Und Sozialpsychologie, 67(Suppl 1), 397-424. https://
doi.org/10.1007/s11577-015-0319-4.

7. Balbo, N., Billari, F. C., & Mills, M. (2013). Fertility in Advanced societies: A review of Research.
European Journal of Population=Revue Européenne De Démographie, 29(1), 1-38. https://doi.
org/10.1007/s10680-012-9277-y.

8. Bras, H., Van Bavel, J., & Mandemakers, K. (2013). Unraveling the intergenerational transmis-
sion of fertility: Genetic and shared-environment effects during the demographic transition in the
Netherlands, 1810-1910. The History of the Family, 18(2), 116—134. https://doi.org/10.1080/10816
02X.2013.803491.

9. Lyngstad, T. H., & Prskawetz, A. (2010). Do siblings’ fertility decisions influence each other?
Demography, 47(4), 923-934. https://doi.org/10.1007/BF03213733.

10. Jalovaara, M., & Fasang, A. (2017). From never partnered to serial cohabitors: Union trajec-
tories to childlessness. Demographic Research, 36(55), 1703-1720. https://doi.org/10.4054/
DemRes.2017.36.55.

11. Keizer, R., Dykstra, P. A., & Jansen, M. D. (2008). Pathways into childlessness: Evidence of gen-
dered life course dynamics. Journal of Biosocial Science, 40(6), 863—878. https://doi.org/10.1017/
S0021932007002660.

12. Balbo, N., & Barban, N. (2014). Does Fertility Behavior Spread among friends? American Sociologi-
cal Review, 79(3), 412—431. https://doi.org/10.1177/0003122414531596.

13. Bernardi, L., & Klérner, A. (2014). Social networks and fertility. Demographic Research, S16(22),
641-670. https://doi.org/10.4054/DemRes.2014.30.22.

14. Thévenon, O., & Gauthier, A. H. (2011). Family policies in developed countries: A “fertility-booster’
with side-effects. Community Work & Family, 14(2), 197-216. https://doi.org/10.1080/13668803.20
11.571400.

15. Tropf, F. C., Stulp, G., Barban, N., Visscher, P. M., Yang, J., Snieder, H., & Mills, M. C. (2015).
Human fertility, Molecular Genetics, and Natural Selection in Modern societies. Plos One, 10(6),
€0126821. https://doi.org/10.1371/journal.pone.0126821.

@ Springer


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.4054/DemRes.2013.29.8
https://econpapers.repec.org/bookchap/nbrnberch/2387.htm
https://doi.org/10.2307/1972149
https://doi.org/10.2307/2137804
https://doi.org/10.1073/pnas.1420441111
https://doi.org/10.1073/pnas.1420441111
https://doi.org/10.1007/s11577-015-0319-4
https://doi.org/10.1007/s11577-015-0319-4
https://doi.org/10.1007/s10680-012-9277-y
https://doi.org/10.1007/s10680-012-9277-y
https://doi.org/10.1080/1081602X.2013.803491
https://doi.org/10.1080/1081602X.2013.803491
https://doi.org/10.1007/BF03213733
https://doi.org/10.4054/DemRes.2017.36.55
https://doi.org/10.4054/DemRes.2017.36.55
https://doi.org/10.1017/S0021932007002660
https://doi.org/10.1017/S0021932007002660
https://doi.org/10.1177/0003122414531596
https://doi.org/10.4054/DemRes.2014.30.22
https://doi.org/10.1080/13668803.2011.571400
https://doi.org/10.1080/13668803.2011.571400
https://doi.org/10.1371/journal.pone.0126821

Journal of Computational Social Science

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

Tropf, F. C., Lee, S. H., Verweij, R. M., Stulp, G., van der Most, P. J., de Vlaming, R., Bakshi, A.,
Briley, D. A., Rahal, C., Hellpap, R., Iliadou, A. N., Esko, T., Metspalu, A., Medland, S. E., Martin,
N. G., Barban, N., Snieder, H., Robinson, M. R., & Mills, M. C. (2017). Hidden heritability due to
heterogeneity across seven populations. Nature Human Behaviour, 1(10). https://doi.org/10.1038/
$41562-017-0195-1

Verweij, R. M., Mills, M. C., Stulp, G., Nolte, I. M., Barban, N., Tropf, F. C., Carrell, D. T., Aston, K.
1., Zondervan, K. T., Rahmioglu, N., Dalgaard, M., Skaarup, C., Hayes, M. G., Dunaif, A., Guo, G.,
& Snieder, H. (2019). Using Polygenic Scores in Social Science Research: Unraveling Childlessness.
Frontiers in Sociology, 4. https://doi.org/10.3389/fs0c.2019.00074.

Verweij, R. M., Stulp, G., Snieder, H., & Mills, M. (2019). Can fertility desires and expectations
explain the association of education and occupation with childlessness? OSF Preprints. https://doi.
org/10.31219/0sf.i0/p37yj.

Lutz, W. (2006). Fertility rates and future population trends: Will Europe’s birth rate recover
or continue to decline? International Journal of Andrology, 29(1), 25-33. https:/doi.
org/10.1111/5.1365-2605.2005.00639.x.

Mason, K. O. (1997). Explaining fertility transitions. Demography, 34(4), 443—454. https://doi.
org/10.2307/3038299.

Shenk, M. K., Towner, M. C., Kress, H. C., & Alam, N. (2013). A model comparison approach shows
stronger support for economic models of fertility decline. Proceedings of the National Academy of
Sciences, 110(20), 8045-8050. https://doi.org/10.1073/pnas.1217029110.

Stulp, G., & Barrett, L. (2015). Fertility theory: Theory of Life History Evolution. In J. D. Wright
(Ed.), International Encyclopedia of the Social & Behavioral Sciences (pp. 40—45). Elsevier.

Zaidi, B., & Morgan, S. P. (2017). The second demographic transition theory: A Review and Appraisal.
Annual Review of Sociology, 43(1), 473—492. https://doi.org/10.1146/annurev-soc-060116-053442.
van Wijk, D., & Chkalova, K. (2020). Minder geboorten door studie en flexwerk? Cen-
traal Bureau voor de Statistiek. https:/www.cbs.nl/nl-nl/longread/statistische-trends/2020/
minder-geboorten-door-studie-en-flexwerk-.

Testa, M. R. (2014). On the positive correlation between education and fertility intentions in Europe:
Individual- and country-level evidence. Advances in Life Course Research, 21, 28-42. https://doi.
org/10.1016/j.alcr.2014.01.005.

Kearney, M. S., & Levine, P. B. (2023). The Causes and Consequences of Declining US Fertility. In
Economic policy in a more uncertain world. https://www.economicstrategygroup.org/publication/
kearney_levine/.

Hofman, J. M., Watts, D. J., Athey, S., Garip, F., Griffiths, T. L., Kleinberg, J., Margetts, H., Mul-
lainathan, S., Salganik, M. J., Vazire, S., Vespignani, A., & Yarkoni, T. (2021). Integrating expla-
nation and prediction in computational social science. Nature, 595(7866). https://doi.org/10.1038/
s41586-021-03659-0

Rocca, R., & Yarkoni, T. (2021). Putting psychology to the test: Rethinking model evaluation through
Benchmarking and Prediction. Advances in Methods and Practices in Psychological Science, 4(3),
25152459211026864. https://doi.org/10.1177/25152459211026864.

Verhagen, M. D. (2022). A pragmatist’s guide to using prediction in the social sciences. Socius, 8.
https://doi.org/10.1177/23780231221081702

Beck, E., Bienenstock, E., Bowers, J., Frank, A., Grubesic, T., Hofman, J., Rohrer, J., Salganik, M.
& Watts, D. (2018). Explanation, prediction, and causality: Three sides of the same coin? OSF Pre-
prints. https://doi.org/10.31219/0sf.io/u6vz5

Yarkoni, T., & Westfall, J. (2017). Choosing prediction over explanation in psychology: Lessons
from machine learning. Perspectives on Psychological Science, 12(6), 1100-1122. https://doi.
org/10.1177/1745691617693393

Arpino, B., Le Moglie, M., & Mencarini, L. (2022). What tears couples apart: A Machine Learn-
ing Analysis of Union Dissolution in Germany. Demography, 59(1), 161-186. https:/doi.
org/10.1215/00703370-9648346.

Badolato, L., Decter-Frain, A., Trons, N. J., Miranda, M., Walk, E., Zhalieva, E., Alexander, M.,
Basellini, U., & Zagheni, E. (2023). The limits of predicting individual-level longevity. MPIDR
Working Paper WP 2023-008. https://doi.org/10.4054/MPIDR-WP-2023-008.

Puterman, E., Weiss, J., Hives, B. A., Gemmill, A., Karasek, D., Mendes, W. B., & Rehkopf, D.
H. (2020). Predicting mortality from 57 economic, behavioral, social, and psychological factors.
Proceedings of the National Academy of Sciences, 117(28), 16273—16282. https://doi.org/10.1073/
pnas.1918455117.

@ Springer


https://doi.org/10.1038/s41562-017-0195-1
https://doi.org/10.1038/s41562-017-0195-1
https://doi.org/10.3389/fsoc.2019.00074
https://doi.org/10.31219/osf.io/p37yj
https://doi.org/10.31219/osf.io/p37yj
https://doi.org/10.1111/j.1365-2605.2005.00639.x
https://doi.org/10.1111/j.1365-2605.2005.00639.x
https://doi.org/10.2307/3038299
https://doi.org/10.2307/3038299
https://doi.org/10.1073/pnas.1217029110
https://doi.org/10.1146/annurev-soc-060116-053442
https://www.cbs.nl/nl-nl/longread/statistische-trends/2020/minder-geboorten-door-studie-en-flexwerk-
https://www.cbs.nl/nl-nl/longread/statistische-trends/2020/minder-geboorten-door-studie-en-flexwerk-
https://doi.org/10.1016/j.alcr.2014.01.005
https://doi.org/10.1016/j.alcr.2014.01.005
https://www.economicstrategygroup.org/publication/kearney_levine/
https://www.economicstrategygroup.org/publication/kearney_levine/
https://doi.org/10.1038/s41586-021-03659-0
https://doi.org/10.1038/s41586-021-03659-0
https://doi.org/10.1177/25152459211026864
https://doi.org/10.1177/23780231221081702
https://doi.org/10.31219/osf.io/u6vz5
https://doi.org/10.1177/1745691617693393
https://doi.org/10.1177/1745691617693393
https://doi.org/10.1215/00703370-9648346
https://doi.org/10.1215/00703370-9648346
https://doi.org/10.4054/MPIDR-WP-2023-008
https://doi.org/10.1073/pnas.1918455117
https://doi.org/10.1073/pnas.1918455117

Journal of Computational Social Science

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

S1.

52.

53.

54.

55.

Salganik, M. J., Lundberg, 1., Kindel, A. T., Ahearn, C. E., Al-Ghoneim, K., Almaatouq, A., Altschul,
D. M., Brand, J. E., Carnegie, N. B., Compton, R. J., Datta, D., Davidson, T., Filippova, A., Gilroy,
C., Goode, B. J., Jahani, E., Kashyap, R., Kirchner, A., McKay, S., ... McLanahan, S. (2020). Mea-
suring the predictability of life outcomes with a scientific mass collaboration. Proceedings of the
National Academy of Sciences, 117(15), 8398—8403. https://doi.org/10.1073/pnas.1915006117
Savcisens, G., Eliassi-Rad, T., Hansen, L. K., Mortensen, L. H., Lilleholt, L., Rogers, A., Zettler, 1.,
& Lehmann, S. (2024). Using sequences of life-events to predict human lives. Nature Computational
Science, 4(1), 43-56. https://doi.org/10.1038/s43588-023-00573-5.

Stulp, G., Top, L., Xu, X., & Sivak, E. (2023). A data-driven approach shows that individuals’ char-
acteristics are more important than their networks in predicting fertility preferences. Royal Society
Open Science, 10(12), 230988. https://doi.org/10.1098/rs0s.230988.

Sun, X. (2024). Supervised machine learning for exploratory analysis in family research. Journal of
Marriage and Family. n/a(n/a). https://doi.org/10.1111/jomf.12973.

Cardoso, M. J. (2022). The Medical Segmentation Decathlon. Nature Communications, 13(1), 4128.
https://doi.org/10.1038/s41467-022-30695-9.

Russakovsky, O., Deng, J., Su, H., Krause, J., Satheesh, S., Ma, S., Huang, Z., Karpathy, A., Kho-
sla, A., Bernstein, M., Berg, A. C., & Fei-Fei, L. (2015). ImageNet large scale visual recognition
challenge. International Journal of Computer Vision, 115(3), 211-252. https://doi.org/10.1007/
s11263-015-0816-y.

Wang, A., Pruksachatkun, Y., Nangia, N., Singh, A., Michael, J., Hill, F., Levy, O., & Bowman, S. R.
(2020). SuperGLUE: A Stickier Benchmark for General-Purpose Language Understanding Systems
(arXiv:1905.00537). arXiv. https://doi.org/10.48550/arXiv.1905.00537.

Garip, F. (2020). What failure to predict life outcomes can teach us. Proceedings of the National
Academy of Sciences, 117(15), 8234-8235. https://doi.org/10.1073/pnas.2003390117.

James, G., Witten, D., Hastie, T., & Tibshirani, R. (2021). An Introduction to Statistical Learning:
With Applications in R. Springer US. https://doi.org/10.1007/978-1-0716-1418-1.

Breen, R., Karlson, K. B., & Holm, A. (2018). Interpreting and understanding logits, Probits, and other
nonlinear probability models. Annual Review of Sociology, 44(1), 39-54. https://doi.org/10.1146/
annurev-soc-073117-041429.

Mood, C. (2010). Logistic regression: Why we cannot do what we think we can do, and what we can
do about it. European Sociological Review, 26(1), 67—82. https://doi.org/10.1093/est/jcp006.
Gelman, A., & Loken, E. (2013). The garden of forking paths: Why multiple comparisons can be a
problem, even when there is no fishing expedition or p-hacking and the research hypothesis was pos-
ited ahead of time. Retrieved from http://www.stat.columbia.edu/~gelman/research/unpublished/p
hacking.pdf

Camerer, C. F., Dreber, A., Forsell, E., Ho, T. H., Huber, J., Johannesson, M., Kirchler, M., Almen-
berg, J., Altmejd, A., Chan, T., Heikensten, E., Holzmeister, F., Imai, T., Isaksson, S., Nave, G.,
Pfeiffer, T., Razen, M., & Wu, H. (2016). Evaluating replicability of laboratory experiments in eco-
nomics. Science, 351(6280), 1433—1436. https://doi.org/10.1126/science.aaf0918.

Ioannidis, J. P. A. (2008). Why most discovered true associations are inflated. Epidemiology (Cam-
bridge, Mass.), 19(5), 640. https://doi.org/10.1097/EDE.0b013¢31818131e7.

John, L. K., Loewenstein, G., & Prelec, D. (2012). Measuring the prevalence of Questionable
Research practices with incentives for Truth Telling. Psychological Science, 23(5), 524-532. https://
doi.org/10.1177/0956797611430953.

Open Science Collaboration. (2015). Estimating the reproducibility of psychological science. Sci-
ence, 349(6251), aac4716. https://doi.org/10.1126/science.aac4716.

Simmons, J. P., Nelson, L. D., & Simonsohn, U. (2011). False-positive psychology: Undisclosed
flexibility in Data Collection and Analysis allows presenting anything as significant. Psychological
Science, 22(11), 1359—1366. https://doi.org/10.1177/0956797611417632.

Breiman, L. (2001). Statistical modeling: The two cultures (with comments and a rejoinder by the
author). Statistical Science, 16(3), 199-231. https://doi.org/10.1214/ss/1009213726.

Shmueli, G. (2010). To explain or to Predict? Statistical Science, 25(3), 289-310. https://doi.
org/10.1214/10-STS330.

Ward, M. D., Greenhill, B. D., & Bakke, K. M. (2010). The perils of policy by p-value: Predicting civil
conflicts. Journal of Peace Research, 47(4), 363-375. https://doi.org/10.1177/0022343309356491.
Donoho, D. (2017). 50 years of Data Science. Journal of Computational and Graphical Statistics,
26(4), 745-766. https://doi.org/10.1080/10618600.2017.1384734.

@ Springer


https://doi.org/10.1073/pnas.1915006117
https://doi.org/10.1038/s43588-023-00573-5
https://doi.org/10.1098/rsos.230988
https://doi.org/10.1111/jomf.12973
https://doi.org/10.1038/s41467-022-30695-9
https://doi.org/10.1007/s11263-015-0816-y
https://doi.org/10.1007/s11263-015-0816-y
https://doi.org/10.48550/arXiv.1905.00537
https://doi.org/10.1073/pnas.2003390117
https://doi.org/10.1007/978-1-0716-1418-1
https://doi.org/10.1146/annurev-soc-073117-041429
https://doi.org/10.1146/annurev-soc-073117-041429
https://doi.org/10.1093/esr/jcp006
http://www.stat.columbia.edu/~gelman/research/unpublished/p_hacking.pdf
http://www.stat.columbia.edu/~gelman/research/unpublished/p_hacking.pdf
https://doi.org/10.1126/science.aaf0918
https://doi.org/10.1097/EDE.0b013e31818131e7
https://doi.org/10.1177/0956797611430953
https://doi.org/10.1177/0956797611430953
https://doi.org/10.1126/science.aac4716
https://doi.org/10.1177/0956797611417632
https://doi.org/10.1214/ss/1009213726
https://doi.org/10.1214/10-STS330
https://doi.org/10.1214/10-STS330
https://doi.org/10.1177/0022343309356491
https://doi.org/10.1080/10618600.2017.1384734

Journal of Computational Social Science

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

Pankowska, P., Mendrik, A., Emery, T., & Garcia-Bernardo, J. (2023). Accelerating progress in the
social sciences: The potential of benchmarks. OSF Preprints. https://doi.org/10.31235/0sf.i0/ekfxy.
Devlin, J., Chang, M. W., Lee, K., & Toutanova, K. (2019). BERT: Pre-training of Deep Bidirectional
Transformers for Language Understanding (arXiv:1810.04805). arXiv. https://doi.org/10.48550/
arXiv.1810.04805.

Sarkar, S., Singh, P., Kumari, N., & Kashtriya, P. (2023). The Task of Question Answering in NLP: A
Comprehensive Review. In Y. Singh, C. Verma, 1. Zoltan, J. K. Chhabra, & P. K. Singh (Eds.), Pro-
ceedings of International Conference on Recent Innovations in Computing (pp. 603—611). Springer
Nature. https://doi.org/10.1007/978-981-99-0601-7_46.

Amrouche, S., Basara, L., Calafiura, P., Emeliyanov, D., Estrade, V., Farrell, S., Germain, C., Gli-
gorov, V. V., Golling, T., Gorbunov, S., Gray, H., Guyon, 1., Hushchyn, M., Innocente, V., Kiehn, M.,
Kunze, M., Moyse, E., Rousseau, D., Salzburger, A., ... Vlimant, J.-R. (2023). The tracking machine
learning challenge: Throughput phase. Computing and Software for Big Science, 7(1), 1. https://doi.
org/10.1007/s41781-023-00094-w

Varadi, M., & Velankar, S. (2023). The impact of AlphaFold protein structure database on the fields
of life sciences. Proteomics, 23(17), 2200128. https://doi.org/10.1002/pmic.202200128.

Beaujouan, E., & Berghammer, C. (2019). The gap between lifetime fertility intentions and com-
pleted fertility in Europe and the United States: A Cohort Approach. Population Research and Policy
Review, 38(4), 507-535. https://doi.org/10.1007/s11113-019-09516-3.

Habbema, J. D. F., Eijkemans, M. J. C., Leridon, H., & te Velde, E. R. (2015). Realizing a desired
family size: When should couples start? Human Reproduction (Oxford England), 30(9), 2215-2221.
https://doi.org/10.1093/humrep/dev148.

Molina, M., & Garip, F. (2019). Machine Learning for Sociology. Annual Review of Sociology, 45(1),
27-45. https://doi.org/10.1146/annurev-soc-073117-041106.

Knoef, M., & Vos, K. (2009). The representativeness of LISS, an online probability panel. Centerdata.
Scherpenzeel, & Bethlehem (2010). How Representative are online panels? Problems of Coverage
and Selection and possible solutions. Social and behavioral research and the internet. Routledge.
Scherpenzeel. (2011). Data Collection in a probability-based internet panel: How the LISS Panel
was built and how it can be used. Bulletin of Sociological Methodology/Bulletin De Méthodologie
Sociologique, 109(1), 56-61. https://doi.org/10.1177/0759106310387713.

Scherpenzeel, A. C., & Das, M. (2011). «True» longitudinal and probability-based internet pan-
els: Evidence from the Netherlands. Social and behavioral research and the internet: Advances in
applied methods and research strategies (pp. 77-104). Routledge/Taylor & Francis Group.

Kindel, A. T., Bansal, V., Catena, K. D., Hartshorne, T. H., Jaeger, K., Koffman, D., McLana-
han, S., Phillips, M., Rouhani, S., Vinh, R., & Salganik, M. J. (2019). Improving metadata infra-
structure for complex surveys: Insights from the fragile families challenge. Socius, 5. https://doi.
org/10.1177/2378023118817378

Bakker, B. F. M., van Rooijen, J., & van Toor, L. (2014). The system of social statistical datasets
of statistics Netherlands: An integral approach to the production of register-based social statistics.
Statistical Journal of the United Nations ECE, 30(4), 411-424. https://doi.org/10.3233/SJI-140803.
van der Laan, J., de Jonge, E., Das, M., Riele, T., S., & Emery, T. (2023). A whole Population Net-
work and its application for the Social Sciences. European Sociological Review, 39(1), 145-160.
https://doi.org/10.1093/esr/jcac026.

de Graaf, N. D., Jansen, G., & Need, A. (2013). The political evolution of Class and Religion: An
interpretation for the Netherlands 1971-2006. Political choice matters: Explaining the strength of
Class and Religious cleavages in cross-national perspective (pp. 205-242). Oxford University Press.
https://doi.org/10.1093/acprof:0s0/9780199663996.003.0009.

Jansen, G., de Graaf, N. D., & Need, A. (2012). Explaining the Breakdown of the Religion—Vote
Relationship in the Netherlands, 1971-2006. West European Politics, 35(4), 756—783. https://doi.org
/10.1080/01402382.2012.682344.

Vafa, K., Palikot, E., Du, T., Kanodia, A., Athey, S., & Blei, D. M. (2022). CAREER: Transfer Learn-
ing for Economic Prediction of Labor Sequence Data (arXiv:2202.08370; Version 3). arXiv. https://
doi.org/10.48550/arXiv.2202.08370.

Liefbroer, A. C. (2008). Changes in family size intentions across Young Adulthood: A life-course
perspective. European Journal of Population=Revue Européenne De Démographie, 25(4), 363-386.
https://doi.org/10.1007/s10680-008-9173-7.

@ Springer


https://doi.org/10.31235/osf.io/ekfxy
https://doi.org/10.48550/arXiv.1810.04805
https://doi.org/10.48550/arXiv.1810.04805
https://doi.org/10.1007/978-981-99-0601-7_46
https://doi.org/10.1007/s41781-023-00094-w
https://doi.org/10.1007/s41781-023-00094-w
https://doi.org/10.1002/pmic.202200128
https://doi.org/10.1007/s11113-019-09516-3
https://doi.org/10.1093/humrep/dev148
https://doi.org/10.1146/annurev-soc-073117-041106
https://doi.org/10.1177/0759106310387713
https://doi.org/10.1177/2378023118817378
https://doi.org/10.1177/2378023118817378
https://doi.org/10.3233/SJI-140803
https://doi.org/10.1093/esr/jcac026
https://doi.org/10.1093/acprof:oso/9780199663996.003.0009
https://doi.org/10.1080/01402382.2012.682344
https://doi.org/10.1080/01402382.2012.682344
https://doi.org/10.48550/arXiv.2202.08370
https://doi.org/10.48550/arXiv.2202.08370
https://doi.org/10.1007/s10680-008-9173-7

Journal of Computational Social Science

75.

76.

71.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

9s.

Quesnel-Vallée, A., & Morgan, S. P. (2003). Missing the target? Correspondence of Fertility inten-
tions and Behavior in the U.S. Population Research and Policy Review, 22(5), 497-525. https://doi.
org/10.1023/B:POPU.0000021074.33415.c1.

Symeonidou, H. (2000). Expected and actual family size in Greece: 1983-1997. European Jour-
nal of Population / Revue Européenne De Démographie, 16(4), 335-352. https://doi.org/10.102
3/A:1006441411252.

Bhrolchain, M. N., & Beaujouan, E. (2019). Do People Have Reproductive Goals? Constructive Pref-
erences and the Discovery of Desired Family Size. In R. Schoen (Eds.), Analytical Family Demogra-
phy (pp. 27-56). Springer International Publishing. https://doi.org/10.1007/978-3-319-93227-9 3.
Heiland, F., Prskawetz, A., & Sanderson, W. C. (2008). Are individuals’ desired family sizes stable?
Evidence from west German Panel Data. European Journal of Population / Revue Européenne De
Démographie, 24(2), 129-156. https://doi.org/10.1007/s10680-008-9162-x.

Jones, R. K. (2017). Are Uncertain Fertility intentions a Temporary or Long-Term Outlook? Findings
from a Panel Study. Women s Health Issues, 27(1),21-28. https://doi.org/10.1016/j.whi.2016.10.001.
Kuhnt, A. K., & Buhr, P. (2016). Biographical risks and their impact on uncertainty in fertility expec-
tations. A gender-specific study based on the German Family Panel (Duisburger Beitriage zur sozi-
ologischen Forschung). https://www.uni-due.de/soziologie/duisburger beitracge dbsf-2016-03.php.
Luppi, F., Arpino, B., & Rosina, A. (2020). The impact of COVID-19 on fertility plans in Italy, Ger-
many, France, Spain, and the United Kingdom. Demographic Research, 43, 1399—1412. https://doi.
org/10.4054/DemRes.2020.43.47

Marteleto, L. J., Dondero, M., Kumar, S., & Mallinson, D. C. (2023). Measuring fertility intentions
during Times of Crisis: An Example using Survey Data amid the Covid-19 pandemic. Studies in
Family Planning, 54(1), 161-180. https://doi.org/10.1111/sifp.12219.

van Tintelen, A. M. G., & Stulp, G. (2024). Explaining uncertainty in women’s fertility preferences.
Heliyon, 10(6), €27610. https://doi.org/10.1016/j.heliyon.2024.e27610.

Dommermuth, L., Klobas, J., & Lappegard, T. (2015). Realization of fertility intentions by different
time frames. Advances in Life Course Research, 24,34—46. https://doi.org/10.1016/j.alcr.2015.02.001.
Harknett, K., & Hartnett, C. S. (2014). The gap between births intended and births achieved in 22
European countries, 2004-07. Population Studies, 68(3), 265-282. https://doi.org/10.1080/00324728
.2014.899612.

Kuhnt, A. K., & Trappe, H. (2016). Channels of social influence on the realization of short-term fer-
tility intentions in Germany. Advances in Life Course Research, 27, 16-29. https://doi.org/10.1016/j.
alcr.2015.10.002.

Schoen, R., Astone, N. M., Kim, Y. J., Nathanson, C. A., & Fields, J. M. (1999). Do fertility
intentions affect fertility behavior? Journal of Marriage and Family, 61(3), 790-799. https://doi.
org/10.2307/353578.

Spéder, Z., & Kapitany, B. (2009). How are Time-Dependent Childbearing intentions realized? Real-
ization, postponement, abandonment, bringing Forward. European Journal of Population / Revue
Européenne De Démographie, 25(4), 503—523. https://doi.org/10.1007/s10680-009-9189-7.
Toulemon,L.,&Testa,M.R.(2005). Fertilityintentionsandactualfertility: Acomplexrelationship- Popu-
lation and Societies - Ined Editions (415; Population & Societies). https://www.ined.fr/en/publications/
editions/population-and-societies/fertility-intentions-and-actual-fertility-a-complex-relationship-en/.
Namboodiri, N. K. (1974). Which couples at given parities expect to have additional births? An
exercise in discriminant analysis. Demography, 11(1), 45-56.

Lundberg, S. M., Erion, G., Chen, H., DeGrave, A., Prutkin, J. M., Nair, B., Katz, R., Himmelfarb, J.,
Bansal, N., & Lee, S. I. (2020). From local explanations to global understanding with explainable Al
for trees. Nature Machine Intelligence, 2(1). https://doi.org/10.1038/s42256-019-0138-9.
Monkediek, B. (2020). Patterns of spatial proximity and the timing and spacing of bearing children.
Demographic Research, 42, 461-496. https://doi.org/10.4054/DemRes.2020.42.16

Bell, D. C., & Bell, L. G. (2018). Accuracy of Retrospective reports of Family Environment. Journal
of Child and Family Studies, 27(4), 1029—-1040. https://doi.org/10.1007/s10826-017-0948-5.
Junghaenel, D. U., Broderick, J. E., Schneider, S., Wen, C. K. F., Mak, H. W., Goldstein, S., Mendez,
M., & Stone, A. A. (2021). Explaining age differences in the memory-experience gap. Psychology
and Aging, 36(6), 679-693. https://doi.org/10.1037/pag0000628.

Manzoni, A., Vermunt, J. K., Luijkx, R., & Muffels, R. (2010). Memory bias in retrospectively col-
lected employment careers: A model-based approach to correct for measurement error. Sociological
Methodology, 40(1), 39-73. https://doi.org/10.1111/j.1467-9531.2010.01230.x

@ Springer


https://doi.org/10.1023/B:POPU.0000021074.33415.c1
https://doi.org/10.1023/B:POPU.0000021074.33415.c1
https://doi.org/10.1023/A:1006441411252
https://doi.org/10.1023/A:1006441411252
https://doi.org/10.1007/978-3-319-93227-9_3
https://doi.org/10.1007/s10680-008-9162-x
https://doi.org/10.1016/j.whi.2016.10.001
https://www.uni-due.de/soziologie/duisburger_beitraege_dbsf-2016-03.php
https://doi.org/10.4054/DemRes.2020.43.47
https://doi.org/10.4054/DemRes.2020.43.47
https://doi.org/10.1111/sifp.12219
https://doi.org/10.1016/j.heliyon.2024.e27610
https://doi.org/10.1016/j.alcr.2015.02.001
https://doi.org/10.1080/00324728.2014.899612
https://doi.org/10.1080/00324728.2014.899612
https://doi.org/10.1016/j.alcr.2015.10.002
https://doi.org/10.1016/j.alcr.2015.10.002
https://doi.org/10.2307/353578
https://doi.org/10.2307/353578
https://doi.org/10.1007/s10680-009-9189-7
https://www.ined.fr/en/publications/editions/population-and-societies/fertility-intentions-and-actual-fertility-a-complex-relationship-en/
https://www.ined.fr/en/publications/editions/population-and-societies/fertility-intentions-and-actual-fertility-a-complex-relationship-en/
https://doi.org/10.1038/s42256-019-0138-9
https://doi.org/10.4054/DemRes.2020.42.16
https://doi.org/10.1007/s10826-017-0948-5
https://doi.org/10.1037/pag0000628
https://doi.org/10.1111/j.1467-9531.2010.01230.x

Journal of Computational Social Science

96.

97.

98.

99.

Schmidt, L., Sobotka, T., Bentzen, J. G., Andersen, N., & ESHRE Reproduction and Society Task
Force. (2012). Demographic and medical consequences of the postponement of parenthood. Human
Reproduction Update, 18(1), 29-43. https://doi.org/10.1093/humupd/dmr040.

Liu, D. M., & Salganik, M. J. (2019). Successes and struggles with computational reproducibility:
Lessons from the fragile families challenge. Socius, 5. https://doi.org/10.1177/2378023119849803.
Gietel-Basten, S., Rotkirch, A., & Sobotka, T. (2022). Changing the perspective on low birth rates:
Why simplistic solutions won’t work. Bmyj, 379, €072670. https://doi.org/10.1136/bmj-2022-072670.
Duhigg, C. (2012). How Companies Learn Your Secrets. The New York Times. https://www.nytimes.
com/2012/02/19/magazine/shopping-habits.html.

Publisher’s Note Springer Nature remains neutral with regard to jurisdictional claims in published maps
and institutional affiliations.

Authors and Affiliations

Elizaveta Sivak'?® . Paulina Pankowska*® - Adriénne Mendrik*® .

Tom Emery*® . Javier Garcia-Bernardo®°® . Seyit Hociik”® -

Kasia Karpinska®® . Angelica Maineri°® - Joris Mulder’® . Malvina Nissim®® .
Gert Stulp'?

8

< Elizaveta Sivak

e.sivak@rug.nl
Department of Sociology, University of Groningen, Grote Rozenstraat 31, 9712TS,
Groningen, The Netherlands

Inter-University Center for Social Science Theory and Methodology, University of
Groningen, Grote Rozenstraat 31, 9712TS, Groningen, The Netherlands

Department of Sociology, Utrecht University, Padualaan 14, 3584CH, Utrecht, The
Netherlands

Eyra, Saturnusstraat 14 - Unit 4.13, 2516AH, The Hague, The Netherlands

Erasmus School of Social and Behavioral Sciences, Erasmus University Rotterdam,
Thomas Morelaan, 3062PA, Rotterdam, The Netherlands

Department of Methodology and Statistics, Utrecht University, Padualaan 14, 3584CH,
Utrecht, The Netherlands

Centerdata, Tilburg University, Warandelaan 2, 5037AB, Tilburg, The Netherlands

Center for Language and Cognition Groningen, Faculty of Arts, University of Groningen,
Oude Kijk in ’t Jatstraat 26, 9712EK, Groningen, The Netherlands

Centre for Complex Systems Studies, Utrecht University, Leuvenlaan 4, 3584CE, Utrecht,
The Netherlands

@ Springer


https://doi.org/10.1093/humupd/dmr040
https://doi.org/10.1177/2378023119849803
https://doi.org/10.1136/bmj-2022-072670
https://www.nytimes.com/2012/02/19/magazine/shopping-habits.html
https://www.nytimes.com/2012/02/19/magazine/shopping-habits.html
http://orcid.org/0000-0001-5259-8305
http://orcid.org/0000-0001-6226-6814
http://orcid.org/0000-0001-6631-7068
http://orcid.org/0000-0001-6137-9577
http://orcid.org/0000-0002-6119-1790
http://orcid.org/0000-0002-5643-2588
http://orcid.org/0000-0003-3208-8046
http://orcid.org/0000-0002-6978-5278
http://orcid.org/0000-0003-4863-0936
http://orcid.org/0000-0001-5289-0971
http://orcid.org/0000-0003-0173-5554

	﻿Combining the strengths of Dutch survey and register data in a data challenge to predict fertility (PreFer)
	﻿Abstract
	﻿Introduction
	﻿Explanatory and predictive modelling
	﻿Data challenges
	﻿Novel opportunities for fertility research

	﻿Data description
	﻿LISS panel survey data
	﻿Dutch register data (CBS)
	﻿Combining survey and register data
	﻿Fertility outcome

	﻿Methodology of the data challenge PreFer
	﻿The task, goals and research questions
	﻿Phases of the challenge
	﻿Submission
	﻿Evaluation
	﻿Metrics
	﻿Determining the winners


	﻿Ethics
	﻿Feasibility assessment and constraints
	﻿About the organisers
	﻿A special issue with the results of the data challenge
	﻿Data availability
	﻿Access for the participants of the PreFer data challenge
	﻿Access outside of the PreFer data challenge

	﻿References


