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Abstract: How first-time parents arrange childcare has critical implications for their careers and
the child’s development. Previous research shows that childcare choices are shaped by family
care availability, understood as an additive function of a small set of parental and grandparental
characteristics. However, research on family networks suggests that care availability is rather a
non-linear, non-additive function of large family networks. We compare the predictive ability of
these two perspectives using a machine learning framework and register-based family network data.
We find that considering how the child’s great-grandparents, aunts, uncles, and cousins shape care
availability, and modeling their influence using more flexible models, provides small yet significant
improvements in predictive ability, particularly among more disadvantaged parents. Predictions are
driven by parents’ and grandparents’ socioeconomic characteristics, but cousins’ age and daycare
use are important yet understudied predictors. Other important understudied predictors include
parents’ self-employment, healthcare spending, and timing of daycare uptake.
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OW first-time parents arrange care for their pre-school child has critical impli-
H cations for the parents’ careers, the child’s development, and gender equality.
In particular, parents who rely exclusively on informal care, not combining it with
formal care provided by professionals, face heightened care responsibilities that
make it difficult to maintain employment, especially for mothers (Biinning 2017;
Compton and Pollak 2014). Relying solely on informal care also entails forego-
ing the beneficial interaction with peers and caregivers that formal care facilitates
(Heckman et al. 2013). Policy-makers and researchers are thus devoting increasing
efforts to understanding childcare choices (Attanasio, Cattan, and Meghir 2022;
Meyers and Jordan 2006).

A key factor influencing childcare choices is the availability of family care (Mey-
ers and Jordan 2006). For many parents, family care complements rather than
substitutes formal care, often by filling gaps in daycare schedules, whereas for other
parents, it can altogether replace formal care. Previous work has theorized family
care availability as an additive function of a small set of parental, household, and
grandparental characteristics (e.g., Biegel, Neels, and Van den Berg, 2021; Morrissey
2008; Zick, Kowaleski-Jones, and Greenwalt 2022). We draw from the literature
on family networks to argue that availability also depends on great-grandparents,
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uncles, aunts, or cousins (Aeby, Widmer, and De Carlo 2014; Dykstra et al. 2006;
Widmer 2016). These family members can influence childcare choices directly by
providing care themselves, and indirectly by facilitating or constraining grand-
parental care supply (Aassve, Meroni, and Pronzato 2012; Kiraly, Humphreys, and
Kertesz 2021; Meyers and Jordan 2006). In addition, their influence on childcare
choices may be understood as a non-linear multiplicative function that considers
the availability and needs of different family members (e.g., Aassve et al. 2012;
Mulder and van der Meer 2009).

We thus argue that previous work has overlooked complexity in the relationship
between family care availability and childcare choices (Meyers and Jordan 2006;
Saraceno 2011). We assess this claim using a data-driven approach that combines
predictive machine learning with register-based family network data from the
Netherlands. Our analytical strategy consists of four steps. First, we study how
our ability to predict the childcare choices of 51,390 first-time parents varies across
conceptualizations of care availability, represented by different measurement and
modeling choices (Garcia-Bernardo et al. 2025; Salganik et al. 2020; Verhagen 2022).
Our first hypothesis is that predictive performance improves as we progressively
measure care availability including more family members. Our second hypothesis is
that predictive performance improves as we model the relationship with childcare
choices by using a more flexible class of models. Second, we validate the best
model by evaluating its performance on a held-out set of data. Third, we use
interpretability techniques to unpack which dimensions of family care availability
drive the predictions (Arpino, Le Moglie, and Mencarini 2022; Molnar 2025; Sun
2024). Lastly, we assess whether our approach differentially improves predictions
across parental socioeconomic background to better understand the consequences
of overlooking complexity (Garcia-Bernardo et al. 2025).

The results show that the best-performing classifier is an XGBoost model paired
with a set of predictors that includes characteristics of parents, grandparents, and
other family members (great-grandparents, aunts, uncles, and cousins). Predictive
performance is largely driven by the characteristics of parents, especially mothers,
but considering grandparental and kin characteristics, as well as using more flexible
models, provides small yet significant improvements in predictive performance.
Permutation feature importance analysis shows that maternal predictors consis-
tently show higher importance than their paternal counterparts. We also identify
important but understudied predictors: whether parents are self-employed, their
annual healthcare costs, the child’s month of birth (i.e., timing effects), and, in
line with our argument about other family members, whether parents’ siblings
have children of daycare age and whether they use such daycare. Considering
these family members improves predictions among a small subsample of parents,
including mothers who are younger, less educated, and work fewer hours, and
fathers who are less educated and self-employed, suggesting that incorporating
complexity may help us better understand socioeconomic inequalities in childcare
choices (Attanasio et al. 2022; Emery, 2026). Our results thus indicate that previ-
ous research has overlooked subtle yet theoretically relevant complexities in the
relationship between family care availability and childcare choices.

Our study contributes to three different bodies of literature. First, we contribute
to the literature on family networks (Daw, Verdery, and Margolis 2016; Dykstra
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et al. 2006; Widmer 2016) by offering an effective empirical framework to model
multidimensionality and showing that incorporating uncles, aunts, cousins, and
great-grandparents helps explain variation in childcare choices, even when they
are unlikely to be the primary carers. Second, we add to the literature on childcare
by providing new evidence on the importance of different family members for
parenting strategies (Biegel et al. 2021; Biinning 2017; Zick et al. 2022) and by
identifying important but understudied predictors that help close gaps in extant
knowledge (Attanasio et al. 2022; Emery 2026). Third, we contribute to the literature
on predictive modeling for life course and family research (Hofman et al. 2021;
Salganik et al. 2020; Sun et al. 2024; Verhagen 2022) by offering a novel substantive
application and leveraging register-based network data (Garcia-Bernardo et al.
2025).

Background
Family Care Availability and Childcare Choices

How to care for their newborn child is a decision that parents make in the context of
diverse family support structures (Meyers and Jordan 2006; Uttal 1999). These fam-
ily structures are typically theorized to form informal care networks with varying
degrees of care availability (e.g., Biegel and Maes 2022; Compton and Pollak 2014).
Previous work on childcare choices has typically studied such care availability in
aggregate terms, in terms of household composition, or in terms of grandparental
availability.

The aggregate approach conceptualizes care availability as a resource that either
is or is not available to parents, without distinguishing who may provide care or
how much care may be available (e.g., Carlin et al. 2019 gauge care availability
by asking parents “is there a family member or friend available to care for the
child regularly?”; see also Burchinal et al. 2008). The other two approaches aim
to understand exactly which family members are available to provide care. The
household approach focuses on the number and type of adult family members who
reside in the child’s household (Crosnoe et al. 2014; Markowitz, Ryan, and Johnson
2014; Morrissey 2008). The grandparental approach assumes that grandparents are
the only non-cohabiting family members willing to provide care that is regular and
intensive enough to shape parents’ childcare choices (e.g., Jappens and van Bavel
2012). Most such studies focus on whether a grandparent resides in proximity to
the parental household (Compton and Pollak 2014; Kuhltau and Mason 1996; Zick
et al. 2022). A few more detailed studies condition care availability on multiple
characteristics of one grandparent, typically the maternal grandmother (e.g., her
age, employment, health, and geographical proximity; Biegel et al. 2021; Biegel and
Maes, 2022).

Despite their different conceptualizations of care availability, the three ap-
proaches theorize its relationship to childcare choices as an additive function. This
means that household and grandparental characteristics are generally assumed not
to interact in shaping care choices (e.g., Burchinal et al. 2008; Markowitz et al. 2014;
Zick et al. 2022). In methodological terms, this implies that most of these studies
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use regression models to map this relationship (e.g., OLS, logistic, or multinomial
regression; for an event history approach, see Biinning 2017). We argue that treating
childcare choices as an additive function of a small set of parental, household, and
grandparental characteristics is at odds with the theorization of family members as
an informal care network.

Toward a Network Approach

The notion that families constitute informal care networks is also central in the
related yet distinct literature on family networks. In this literature, families are
understood as groups bound together by biological, emotional, legal, and practical
relationships that define the social roles of their members relative to one another
(Dykstra et al. 2006; Widmer 2016). These roles impose certain expectations concern-
ing who ought to care for whom. Importantly, the relationships shaping these roles
need not be confined to household units or to parents and their children, but often
also involve extended kin (Furstenberg 2020; Hiinteler et al. 2025). Understanding
the availability of family care thus requires considering a large number of family
members, as well as studying how their life circumstances and interdependencies
condition who is available to provide care (Aeby et al. 2014; Daw et al. 2016;
Widmer 2016).

Previous work on childcare choices portrays families as networks but does not
engage with this tradition of network theorizing about care availability. We argue
that this has three implications. The first implication is that the focus on household
members and grandparents may overlook important family relationships that can
shape the availability of care. In addition to grandparents, a child’s aunts and
uncles can be important sources of in-person care, parenting advice, and normative
pressure (Bojarczuk and Miihlau 2018; Kiraly et al. 2021; Uttal 1999). They can
also affect childcare choices by competing for grandparental care, especially when
they are parents themselves (Aasve et al. 2012; Mulder and van der Meer 2009). A
similar argument can be made about great-grandparents, step-kin, and other family
members (Furstenberg 2020; Hiinteler et al. 2025). Great-grandparents in particular
may be important competitors for grandparental care (Xu 2019), but may also be
carers.

The second implication is that understanding which family members are avail-
able to provide care requires attention to their life circumstances and interdepen-
dencies (Aeby et al. 2014; Widmer 2016). This means that care availability is not
determined solely by the number of family members parents have but also by their
age, gender, health, relationship quality, geographical proximity, workload, and
schedules (Biinning 2017; Jarvis 1999; Uttal 1999). The few quantitative studies on
childcare choices that consider such characteristics among grandparents find that
their employment, civil status, proximity, and educational attainment are related to
how parents arrange care (Biegel et al. 2021; Biegel and Maes 2022). Family care
availability thus needs to be measured in a multidimensional manner that considers
multiple characteristics of family members.

Once we consider additional characteristics of other family members, the third
implication is that it is necessary to consider how these may interact to shape child-
care choices. For instance, Aassve and colleagues (2012) show that the effect of

sociological science | www.sociologicalscience.com 592 June 2026 | Volume 13



Soler, Emery and Kanas

Family Networks and Childcare Choices

grandparental childcare availability on fertility decisions is moderated by the num-
ber of grandchildren and the existence of siblings that compete for grandparental
care. Mulder and van der Meer (2009) show that care availability depends not only
on absolute geographical proximity to grandparents but also on the interaction with
proximity to other siblings. These multiplicative effects are typically not considered
in work on childcare choices.

A few previous studies incorporate the first implication into their theorization
and research design, providing fertile ground to articulate a more complete network
perspective. Bojarczuk and Miihlau (2018) estimate the provision of regular child-
care by different types of family members of Polish mothers in Dublin, finding that
kin have 2.98 times higher odds of providing childcare than friends, but 8.93 times
lower odds than grandparents. Similarly, Dykstra et al. (2006) find that 56 percent
of parents in the Netherlands rely on grandparental childcare, whereas 20 percent
rely on childcare by aunts and uncles. Biinning (2017) finds instead that the number
of family members living in the same neighborhood as western German mothers
has a larger effect on the likelihood that they will transition into employment than
the presence of grandmothers alone, but this does not hold for migrant and eastern
German mothers.

These studies suggest that considering kin beyond grandparents can indeed help
in understanding childcare choices, but the two other implications we identified
remain unaddressed, and the extent to which kin matter is still an open question
(Furstenberg 2020; Hiinteler et al. 2025).

Predictive Modeling of Complexity in Family Networks

We build on previous work to propose a more multidimensional network approach
that models childcare choices as a multiplicative function of family care availabil-
ity measured by multiple characteristics of parents, grandparents, uncles, aunts,
cousins, and great-grandparents. However, shifting to more multidimensional
measurement and modeling poses well-known statistical challenges of increased
multicollinearity, increased researcher degrees of freedom in model specification
(e.g., which interactions to include), and decreased model interpretability, among
others (Hofman et al. 2021; Molina and Garip 2019; Verhagen 2022).

To tackle these challenges, we depart from previous work on childcare choices
and adopt a predictive rather than explanatory modeling paradigm (Breiman 2001;
Hofman et al. 2021). Research designs in the explanatory paradigm typically
combine measures of the few factors theorized to explain an outcome with relatively
simple models that map their relationship to such an outcome (Shmueli 2010;
Verhagen 2022). Both measurement and modeling aim to remain close to theory,
tractable, and readily interpretable. The focus is on providing accurate, reliable, and
ideally causal estimates of the relationships between factors and outcomes (Shmueli
2010).

In contrast, the predictive paradigm focuses on the capacity to predict outcomes
rather than estimating specific effects. The aim is to understand to what degree
current theories and research designs can account for variation in that outcome,
which is taken as an indication of how much is (not) known about the underlying
social process (Shmueli 2010; Verhagen 2022). Predictive approaches thus favor the
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inclusion of many predictors and multidimensional operationalizations to capture
the complexity of such processes (Sun 2024; Verhagen 2022). This invites the use of
machine learning models that can automatically account for multiplicative effects,
non-linearities, and complex covariance structures (Arpino et al. 2022; Molina
and Garip 2019). The challenge is to make these models interpretable so that
they can feed back into theory and lead to inductive discovery (e.g., of previously
disregarded predictors, Sun 2024). This can be done, with some caveats, through
machine learning interpretability methods (Molnar 2025; Sun 2024).

Hence, the explanatory paradigm seeks parsimony to achieve theoretically
grounded estimates, whereas the predictive paradigm seeks complexity to enable
aggregate comparisons of conceptual models and to refine them through inductive
insights (Breiman 2001; Hofman et al. 2021; Molina and Garip 2019). In our case,
predictive modeling allows us to compare how the measurement and modeling
choices of previous quantitative work influence our understanding of childcare
choices (Shmueli 2010; Verhagen 2022). This is done by comparing how well differ-
ent models predict the outcome of interest (Arpino et al. 2022; Salganik et al. 2020).
For instance, Garcia-Bernardo et al. (2025) study how well the relationship between
educational attainment and social context is captured by different operationaliza-
tions of social context, finding that more nuanced operationalizations help predict
the attainment of more disadvantaged students. We apply the same approach to
family support structures and care availability. Based on our comparison of the
childcare and family networks literature, we test two hypotheses:

Hypothesis 1: Our ability to predict childcare choices increases when we
measure family care availability in terms of the characteristics of more family
members.

Hypothesis 2: Our ability to predict childcare choices increases when we
model their relationship to family care availability through more flexible
models that account for non-linear and multiplicative effects.

Hypothesis testing will also identify the best-performing combination of measure-
ment and modeling. By unpacking the resulting predictions using interpretability
techniques, we aim to “open the black box” to understand which characteristics
of family networks appear as most predictive of childcare choices (Arpino et al.
2022; Molnar 2025; Sun 2024). This approach will allow us to inductively search for
empirical patterns that may not have been studied yet (Molina and Garip 2019; Sun
2024). In addition, by investigating whether predictions improve more among spe-
cific social groups (e.g., younger or lower educated parents), we aim to understand
whether overlooking complexity affects our ability to understand social inequalities
in childcare choices (c.f., Garcia-Bernardo et al. 2025). In this way, the predictive
paradigm allows us to first test our deductive argument about the conceptualization
of family care availability by quantifying the implications of methodological choices
and then feed back into the literature with new inductive empirical evidence.

Empirical Case: The Netherlands

We test our argument by studying the childcare choices of mixed-gender couples
having their first child in the Netherlands.
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The Netherlands is a high-income central European country characterized by a
relatively low average age at which individuals leave the parental home (23.2 years
in 2024, Eurostat 2025), a high average age of entry into motherhood (30.4 years in
2021, Statistics Netherlands 2025a), and a low prevalence of large multigenerational
households (Statistics Netherlands 2025b). The majority of parents thus raise their
children in their own household. At the same time, family norms favor residing
near grandparents and relying on them for childcare (see Dykstra et al. 2006).
Grandparental care is facilitated by extensive public transportation and widespread
commuting between municipalities. The Netherlands is also characterized by 60
percent of women working part-time and by gendered caregiving patterns (OECD
2019).

Formal childcare is provided for children between four months and four years
old by certified centers (kinderopvang) or individuals who provide care at home
(gastouders). We will refer to both services as formal care or daycare. Both services
are privately provided but publicly subsidized. The subsidy covers a large pro-
portion of the otherwise very high costs, depending on parental income and as
long as parents work and co-reside with the child (see Emery 2026). The subsidy is
paid monthly based on an income estimate provided by parents and is subject to
reassessment and settlement at the end of the year. As the subsidy is reported in tax
returns, it is possible to use register data to study childcare choices (Emery 2026).

Data and Methods

Our analytical strategy compares the predictive performance of different combi-
nations of measurement and modeling choices (c.f., Garcia-Bernardo et al. 2025;
Salganik et al. 2020). We will call each of such combinations a “classifier”, that
is, a model that learns from data to perform a binary classification task. The task
is to predict whether parents will rely solely on informal childcare. Each clas-
sifier will be characterized by the set of predictors it includes and the type of
model used to relate them to the outcome. For each classifier, we need to tune it
(i.e., learn hyperparameters), train it (i.e., learn parameters), and evaluate it (i.e.,
quantify predictive performance). We will then compare their performance, se-
lect the best-performing one, and validate it on an independent set of data and
through interpretability techniques. We explain each step following the REFORMS
reporting guidelines to ensure transparency and reproducibility (Kapoor et al.
2024). The code to reproduce the analysis is available in the following repository:
https://doi.org/10.5281/zenodo.19189668.

Dutch Register Data

We use the microdata registers maintained by Statistics Netherlands. The registers
contain information on the entire population of the Netherlands compiled from
different administrative sources. Data files are accessible to accredited researchers
via a secure remote access environment (see Statistics Netherlands 2026). Files can
be linked through pseudonymized unique personal identifiers (file names can be
found in Appendix 1 in the online supplement).
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The Dutch register data offers multiple advantages for our purposes. First, it
covers the full population, affording high external validity and providing a large
number of cases that facilitate model estimation. Second, it provides rich informa-
tion on individuals that can be used to derive an extensive list of predictors. Third,
it identifies family relationships among individuals in the population, allowing us
to study family networks at scale (van der Laan et al. 2023). Lastly, the data allows
us to measure childcare choices directly from tax registers rather than relying on
self-reports, increasing measurement accuracy, reliability, and validity.

Sample Construction

First, we create a list of all individuals who are alive, have a registered address in
the Netherlands, and are 110 years old or younger as of January 1, 2020. These
individuals constitute the study population. We create a similar list for January 1,
2022. We process all other data files for each year to exclude individuals not in the
respective list.

Second, we identify the family relationships between individuals for the period
between January 1, 2020, and January 1, 2022, using the FAMILIENETWERKTAB
file. The file identifies family relationships through registries that link parents
and children based on birth, recognition of fathers, and legal adoptions, as well as
registries of unions. We select parent—child, sibling, and partner relationships, from
which we can derive others. We exclude parent—child relationships in which the
parent is not more than 10 years older than the child.

Third, we identify all children in the 2022 population list born in 2021 (179,120
children). We then exclude all children who have a full or half-sibling in that year
according to the FAMILIENETWERKTARB file, retaining only first-born children
(74,850). We then identify the legal parents of each child, retaining only children
who have both a father and a mother (70,208).

Finally, we select children that meet the following conditions: (1) both parents
must be born in the Netherlands (52,833); (2) both parents must have at least one
living parent that resides in the Netherlands in 2020 (51,480), and (3) the child
must be registered as resident in the same address as the mother in 2022 (51,390).
We exclude immigrants because they tend to have a higher proportion of missing
data in the administrative registers, as well as a different underlying missingness
mechanism. We exclude parents without at least one living parent because, for
them, we cannot trace family relationships reliably. The co-residence condition
helps us interpret address-based predictors.

The units of analysis are thus 51,390 children born in 2021 who co-reside with
their mother as of January 1, 2022. The children are the firstborn children of the
couple and have a father who may (not) co-reside with them.

Outcome

The outcome is a binary measure that identifies children who have not enrolled in
publicly subsidized childcare by 2024. We use the KINDERENTARB file to compile a
list of all children who were enrolled in publicly subsidized childcare (kinderopvang
or gastouders) at any point between January 1, 2021, and December 31, 2023. We
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identify children not present on the list as the positive class. The outcome is imbal-
anced, with 12.64 percent of children in the positive class (6,495 cases). This measure
captures whether children participate in daycare, with its associated benefits for
both parents and children, but does not distinguish between non-participation due
to choice (e.g., a preference for family care) and lack of access (e.g., administrative
or financial barriers).

Predictors

We calculate three nested sets of predictors. Each set is nested within the next, so
that the number of predictors increases with each set. All predictors are measured
at least one year before birth (January 1, 2020).

The first set of predictors concerns the characteristics of parents and the child.
Predictors concerning parental characteristics are disaggregated by parent. The
second set of predictors incorporates grandparental characteristics separately for
paternal and maternal grandparents. All predictors are measured at the level of the
grandparental set (e.g., mean age) to capture grandparental characteristics regard-
less of the number of living grandparents per parent. The third set of predictors
incorporates characteristics of great-grandparents, uncles, aunts, and cousins, differ-
entiating between paternal and maternal kin. If an individual is both paternal and
maternal kin, we count her only as maternal kin. Finally, we construct a baseline
set of predictors that includes only characteristics of the child and the mother. We
use maternal characteristics because of our focus on children who co-reside with
mothers and the gendered nature of parenting.

Appendix 2 in the online supplement provides the full list of predictors per set,
their operationalization, and descriptive statistics.

Preprocessing

The fragmentation of microdata across domain-specific files results in structural
missingness. For instance, parents who do not file a tax return are missing from
the INPATAB income file and our income measure. Because such missing val-
ues indicate qualitative differences between individuals, and our predictors have
meaningful zero values (e.g., annual income), we address structural missingness
by imputing a value of zero and additionally flagging missingness using a dummy
variable (Shmueli 2010). This approach allows us to explicitly estimate how miss-
ingness relates to the outcome (Van Ness et al. 2023). We apply this approach in the
parental predictor set.

For predictors in the grandparental and kin sets, structural missings arise when
parents do not have the relevant type of family member, or these family members
are missing from the microdata files. We thus impute a value of zero in the charac-
teristics of family members (e.g., employment hours) before aggregating them (e.g.,
before calculating how many of the father’s siblings work less than a number of
hours). If the predictor is still missing after aggregation (e.g., if the father has no
siblings), we input a zero. Tables A2.2 and A2.3 in the online supplement report the
counts of structural missing values per predictor.
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We also preprocess the predictors to address extreme values. We set negative
values of predictors concerning income and health expenditures to zero (767 cases),
and then apply a logarithmic transformation. For predictors that concern counts
of kin, which have low average values but a few very high values, we clip the
maximum at five to reduce dimensionality and tackle outliers (1,409 cases).

We also preprocess data to ensure that models treat all predictors equally. We
perform one-hot encoding on all categorical predictors and min-max scaling of all
continuous predictors. After preprocessing, the baseline, parental, grandparental,
and kin predictor sets contain 26, 44, 72, and 98 predictors, respectively.

Models

We use two types of models to investigate the extent to which predictive perfor-
mance improves when we consider interaction effects and non-linearities.

The first model is logistic regression, the main model used in the social sciences
to map a binary outcome as a function of predictors (e.g., Biegel and Maes 2022;
Mulder and van der Meer 2009). This mapping does not account for higher-order
interactions and non-linearities (Miiller and Guido 2016). Table A3.1 in the online
supplement describes the hyperparameter space.

The second model is an XGBoost model, considered to be the gold standard
in machine learning tasks (Miiller and Guido 2016). The XGBoost model trains
an ensemble of decision trees, with the first tree optimizing a loss function and
every additional tree adjusting the model parameters to correct previous erroneous
predictions. The final prediction is the sum of the predictions of all trees. This ap-
proach combines tree weighing, regularization, pruning, and repeated sampling of
observations and features to avoid overfitting and optimize computation (Chen and
Guestrin 2016). XGBoost can capture higher-order interactions and non-linearities
(Miiller and Guido 2016). See Table A3.2 in the online supplement for details on the
hyperparameter space.

As a baseline model for the baseline feature set, we train a logistic regression
without regularization, following standard practice in the social sciences (Hofman
et al. 2021).

Model Training and Tuning

Before training and tuning our classifiers, we first separate the data used for training
and tuning from the data used for evaluation (Molina and Garip 2019; Miiller and
Guido 2016; Salganik et al. 2020). We split our sample into a training set (70 percent,
35,973 observations) and a holdout set (30 percent, 15,417 observations). We further
split the holdout set into a validation set (30 percent, 4,625 observations) and a test
set (70 percent, 10,792 observations). These will be used for different steps of the
analytical strategy. We stratify all splits by the outcome to maintain a comparable
positive-to-negative class ratio: 12.64 percent (4,547), 12.63 percent (584), and 12.64
percent (1,364) of observations in the train, evaluation, and test sets, respectively,
fall into the positive class.

We train seven classifiers (three predictor sets X two models + one baseline)
using stratified nested cross-validation on the train set, following standard practice
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in machine learning (Miiller and Guido 2016; Wainer and Cawley 2021). This
nested procedure consists of an inner and an outer cross-validation. The inner
cross-validation uses the training data to learn model hyperparameters (e.g., reg-
ularization strength), which then determine how the model learns its parameters
in the outer cross-validation (for details, see Miiller and Guido 2016; Wainer and
Cawley 2021). We use ten outer cross-validation folds to ensure sufficient statisti-
cal power for the hypothesis tests (Rainio, Teuho, and Klén 2024) and four inner
cross-validation folds to ensure robust tuning while reducing computational costs
(Miiller and Guido 2016). We train all classifiers using the log-loss as the scoring
rule to ensure comparability and propriety (Gneiting and Raftery 2007).

We perform hyperparameter tuning via the Optuna library (Akiba et al. 2019).
Optuna uses state-of-the-art optimization algorithms to sample hyperparameters
from a predefined hyperparameter space (see Appendix 3 in the online supplement).
In each sampling run, we sample hyperparameters to optimize the mean log-
loss across the four folds of the inner cross-validation procedure. We perform
150 sampling runs per outer fold of the nested cross-validation. The run that
achieves the best mean log-loss is selected as the final one for the outer fold. For
XGBoost classifiers, we constrain the tuning process for each outer fold using a
Hyperband pruner, a pruning callback that stops a sampling run if the first inner
fold is pruned, and setting the early stopping rounds hyperparameter equal to 30.
For logistic regression classifiers, we stop tuning for each outer fold if there has
been no improvement in the mean log-loss after 20 runs.

The nested cross-validation procedure will yield ten estimates of predictive
performance (one per outer fold) for each of the seven classifiers, which we will use
to test our hypotheses and select the best classifier.

Hypothesis Testing

To test our hypotheses, we compare classifier performance measured on each outer
fold of the nested cross-validation procedure. We use the area under the curve of
the precision—recall curve (AUC-PR) as the main metric. The precision-recall curve
plots precision (the proportion of true positives among all positive predictions)
against recall (the proportion of true positives identified correctly) for different
thresholds at which predicted probabilities are converted to predicted classes. The
larger the area under the curve, ranging from zero to one, the better the predictions.
AUC-PR focuses on the accurate prediction of the positive class by quantifying the
ability to both correctly predict positive instances and not label negative instances
as positive. This is particularly important in imbalanced classification tasks like
ours (He and Ma 2013:27,200).

We test our hypotheses using a repeated measures statistical test (Rainio et al.
2024). First, we test for overall differences in performance across classifiers using
Friedman’s omnibus test with the chi-square distribution. Second, if Friedman’s test
rejects the null hypothesis that classifiers are identical, we compare performance
between pairs of classifiers using one-tailed Wilcoxon signed-rank tests with a
Holm-Bonferroni correction for multiple testing.
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Evaluation of the Best-Performing Classifier

We select the classifier that (1) has the highest average PR-AUC score and (2) is
statistically different from the score of the second-best classifier, according to the
Wilcoxon tests (Rainio et al. 2024). We tune and train the selected classifier again on
the entire training set using Optuna with four stratified cross-validation folds and
200 trials. Retraining the classifier allows us to fully leverage our data to estimate
model (hyper)parameters. The final hyperparameter values are provided in Table
A3.3 in the online supplement.

We validate the classifier by evaluating its performance through metrics calcu-
lated on the validation and test sets. The confusion matrix summarizes the number
of true positives, true negatives, false positives, and false negatives by comparing
the predicted classes to the observed outcome. This is useful to assess whether the
classifier accurately predicts the positive and negative classes. The true positive
rate (the proportion of true positives among true positives and false negatives) and
the true negative rate (the proportion of true negatives among true negatives and
false positives) help with this. The F1 score takes the harmonic mean of precision
and recall to provide a balanced assessment of the classifier’s ability to predict the
positive class. A higher score in its zero-to-one range is better. The Brier score is a
strictly proper scoring rule (Gneiting and Raftery 2007) that represents the mean
squared error between predicted probabilities and the observed outcome. The Brier
score is useful for assessing calibration, that is, the degree to which the probabilities
predicted by the classifier reflect the observed probabilities (e.g., approximately 20
percent of observations with a predicted probability of 0.2 should be in the positive
class). A lower score in the zero-to-one range is better.

Before calculating these metrics, we tune the threshold at which predicted
probabilities are converted into predicted classes. This is necessary to ensure the
accurate calculation of performance metrics based on predicted classes (e.g., F1).
We use scikit-learn’s Tuned ThresholdClassifierCV class with 200 thresholds, scoring
on the F1 score, and using eight-fold stratified cross-validation on the training set.
We then evaluate performance on the validation set to assess whether the model is
overfitting the training set and whether the decision threshold tuning has improved
performance. If performance is satisfactory, we proceed to the final evaluation on
the test set.

Predictor Importance

We investigate the importance of each predictor for the predictions made by the
best-performing classifier. We quantify predictor importance through the global
model-agnostic permutation feature importance (PFI) method (Fisher et al. 2019;
Molnar 2025). PFI consists of reshuffling the values of predictors across observations,
one predictor at a time, and recalculating predictive performance. The resulting
estimate represents the change in performance caused by the permutation of that
predictor, that is, how much the predictor matters (Molnar 2025). We permute
each predictor 300 times to derive more precise and reliable estimates. We assess
predictor importance on the test set using PR-AUC as the performance metric.
Higher values represent a higher importance.
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PFI has the advantages of being easily interpretable and incorporating interac-
tion effects into the quantification of importance (Molnar 2025). However, PFI does
not provide information on the direction of the relationship between the predictor
and the outcome. This is not a large problem for our application because we focus
on exploration rather than inference.

Improvements in Predictions

Lastly, we investigate whether more multidimensional measurement and flexible
modeling improve our understanding of childcare choices differently across social
groups (c.f., Garcia-Bernardo et al. 2025). We select the second-best-performing
classifier and re-train it following the same procedure as in the Evaluation of the best-
performing classifier section. We then use it to predict the outcome on the test set.
We identify parents whose predictions by this second-best-performing classifier are
not correct, but whose predictions by the best-performing classifier are correct, that
is, parents for whom predictions improve when incorporating multidimensionality.
We use a logistic regression model to investigate which parental characteristics
correlate with such improvement.

Results

Classifier Performance and Hypothesis Testing

The first step in the analysis is to identify which classifiers, that is, combination
of predictors and model type, best predict childcare choices. We hypothesize that
classifiers that include information about more family members and/or employ
more flexible model types will perform better.

Figure 1 plots classifier performance in terms of the mean PR-AUC score across
the ten cross-validation folds. First, we observe that all six classifiers outperform the
baseline on average. The baseline classifier scores 0.346 mean PR-AUC (SD: 0.016),
whereas the other classifiers score between 0.372 (7.5 percent improvement, SD:
0.014) and 0.465 (34.39 percent improvement, SD: 0.021) mean PR-AUC. Friedman'’s
omnibus test rejects the null hypothesis that there are no differences in performance
between classifiers (statistic: 57.39, p-value <0.01). Second, increasing the number
of predictors increases performance, regardless of model type. This provides pre-
liminary evidence for Hypothesis 1. Third, increasing the flexibility of the model
increases performance, regardless of which predictor set is used. This provides
preliminary evidence for Hypothesis 2. However, our results also show that the
sociodemographic characteristics of mothers and children, included in the baseline,
account for most of the predictive performance. The improvements in performance
afforded by increasing complexity in measurement and modeling are small and
incremental.

Table 1 reports the results of the hypothesis testing based on one-tailed Wilcoxon
tests. We test our two hypotheses by comparing the performance of pairs of clas-
sifiers that share model type but differ in predictor set (H1) or share predictor set
but differ in model type (H2). In all paired comparisons, the results show that
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Average PR-AUC score per classifier (10-fold CV, 95% ClI)
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Figure 1: Average PR-AUC score per classifier calculated on the 10 outer folds of the nested cross-validation
procedure (95 percent confidence intervals). The confidence intervals have been adjusted to account for
the non-independence of the cross-validation estimates, following the procedure proposed by Nadeau and
Bengio (2003).

predictive performance is significantly higher for classifiers that use a larger pre-
dictor set or a more flexible model. The best-performing classifier combines an
XGBoost model with the largest set of predictors. These results provide evidence to
reject the null hypothesis for both H1 and H2. In substantive terms, this implies that
extant research on the relationship between family care availability and childcare
choices fails to map its full complexity. Considering the availability of uncles, aunts,
and great-grandparents helps predict childcare choices.

At the same time, improvements in predictive performance remain small, even if
statistically significant. For instance, classifiers that include grandparents improve
on the parental classifiers on average by 0.023 PR-AUC points (logistic regression
model) and by 0.028 PR-AUC points (XGBoost model), whereas classifiers that
include kin improve on the grandparental classifiers by a further 0.027 and 0.019,
respectively. These results suggest that the inclusion of grandparents and kin helps
only marginally to understand whether Dutch first-time parents will rely exclusively
on informal care. This contrasts with both research focusing on grandparents only
(Biegel et al. 2021; Biegel and Maes 2022; Compton and Pollak 2014; Jappens and
van Bavel 2012; Kuhltau and Mason 1996; Zick et al. 2022) and research calling for
more attention to kin (Furstenberg 2020; Hiinteler et al. 2025; Kiraly et al. 2017;
Uttal 1999; Widmer 2016). These small, significant effects may nevertheless concern
family processes that are of theoretical interest, such as moderation or mediation
effects (Aasve et al. 2012; Bojarczuk and Miihlau 2018; Mulder and van der Meer
2009). The rest of the analysis aims to identify such theoretically useful insights
through inductive analysis.
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Table 1: Hypothesis testing based on Wilcoxon tests with Holm-Bonferroni correction for multiple testing.

Hypothesis Classifier Comparison Difference in Average PR-AUC Wilcoxon’s t-Statistic
Hypothesis 1 Loggp, > Logp, 0.023 55.0°
Logyin > Loggp, 0.027 55.0
XGBgpa > XGBp, 0.028 55.0f
XGBkin > XGBgpa 0.019 55.0*
Hypothesis 2 XGBp, > Logp, 0.047 55.0°
XGBGpa > Loggpa 0.052 55.0°
XGBkin > Login 0.044 55.0°

Notes: The classifier comparison column indicates the two classifiers whose average predictive performance
is being compared in each one-tailed test (e.g., logistic regression with grandparental features > logistic
regression with parental features).

p-Values <0.01.

Performance on the Validation and Test Sets

The second step in the analysis is to validate the best classifier before using it for
inductive analysis. We validate the classifier by comparing its performance on the
training data to its performance on independent sets of data that were not used
during model training. Table 2 shows performance after threshold tuning on the
validation set and test set. The results are nearly identical across both sets, so we
focus on performance on the test set.

The PR-AUC in the test set equals 0.453 and is within the 95 percent confidence
interval of the mean PR-AUC of 0.462 achieved in the training set (0.441-0.483). The
similarity of the PR-AUC score and the F1 score of 0.457 shows that these results
were not dependent on the performance metric. In addition, the true positive rate of
0.470 is sizably lower than the true negative rate of 0.915, implying that the classifier
performs much better at predicting childcare choices that include daycare use than
those relying solely on informal care. The very low Brier score of 0.088 shows that
there are no serious calibration issues.

This is strong evidence that our performance evaluation was neither overfit
on the training data nor dependent on the choice of metric. This means that our
classifier shows external validity and can be further inspected to inductively explore
the relationship between predictors and outcome.

Predictor Importance

The third step is to identify which predictors drive the performance of the best-
performing classifier to make the results more interpretable (Molnar 2025).

Figure 2 shows the thirty predictors with the highest permutation feature im-
portance. The most important predictors, by a large margin, concern mothers’
income and employment. This is to be expected: these predictors signal mothers’
willingness and capacity to be employed after birth, potentially also capturing an
early decision to rely solely on informal care. This may also be because daycare
subsidies in the Netherlands are conditional on parental employment and income.
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Table 2: Performance of the final XGBoost classifier on the validation and test sets.

Performance Metric Validation Set Test Set
True negatives 3658 (79.10%) 8631 (79.98%)
False positives 383 (8.28%) 797 (7.39%)
True positives 284 (6.14%) 641 (5.94%)
False negatives 300 (6.49%) 723 (6.70%)
True positive rate 0.486 0.470
True negative rate 0.905 0.915
PR-AUC 0.457 0.453
F1 0.454 0.457
Brier score 0.088 0.088
Total observations 4,625 10,792
% in positive class 12.63 12.64
Notes: All predictors included. The F1 score is calculated with a tuned decision
threshold of 0.266.

(Mo) Income 4 _—

(Mo) Employment hours 4
(Mo) Self-employed - =
(Mo) Missing: employment - o
Child born December -
(Mo) Grandp. income (sum) -
Child born November
(Mo) Grandp. employment hours (min)
Municipality supply burden
(Fa) Grandp. coresident
(Mo) Missing: income -
(Mo) Daycare use by sibs: majority 4
(Mo) Education (low) 4
(Mo) Grandp. age (mean) -
Child born October -
(Fa) Grandp. age (mean)
(Fa) Age 1
(Fa) Income -
(Mo) Healthcare costs
(Fa) Self-employed -
(Mo) Grandp. coresident -
(Mo) Grandp. coresident w. mother -
(Fa) Missing: education -
(Fa) Grandparents own home -
(Fa) # of sibs w. children 0-4

Predictors

(Fa) Daycare use by sibs: majority -
(Fa) Employment hours
(Fa) Grandp. employment hours (min) q

(Mo) Grandparents own home -
(Fa) Healthcare costs -

'-**I!-TIFF-II"I-I‘-!|l l
|

Predictor set

Parents
w== Grandp.
== Kin

0.00 0.01 0.02 0.03 0.04

0.05 0.06

Average change in AUC-PR after permutation

Figure 2: Top 30 predictors in terms of permutation feature importance. The error bar represents the standard
deviation. Predictor names indicate in parentheses whether the predictor concerns the father (Fa) or mother

(Mo).

These results are in line with the earlier finding that parental characteristics account

for the largest share of predictive performance.

The sizably lower relative importance of fathers’ income and employment re-
flects the starkly gendered nature of labor markets and childcare arrangements.
Other important predictors that rank higher for mothers than fathers include health-
care costs and educational attainment, as well as grandparental employment hours,
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Figure 3: Permutation feature importance disaggregated by parental gender. Only predictors with a paternal
and maternal version are plotted. The error bar represents the standard deviation. Predictors that achieve
negative values decrease predictive performance (e.g., confounders).

age, and income. Figure 3 shows these gendered differences more clearly by plot-
ting the importances of all predictors with paternal and maternal measures side by
side. For most predictors, the maternal version achieves higher importances. The
few relevant exceptions concern fathers’ missing educational attainment, whether
paternal grandparents co-reside, and whether fathers’ siblings have children 0-4
years old. These results may partly be specific to the Netherlands, where roughly
60 percent of women work part-time (OECD 2019).

Figures 2 and 3 also shed light on the relevance of grandparents and kin. Grand-
parental resources (income, homeownership) and availability (employment hours,
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co-residence, and age) are clearly important, especially on the maternal side. Only
three of the top thirty predictors concern other family members: the use of daycare
services by siblings of either parent and the presence of children 0—4 years old on the
paternal side. The former can signal higher grandparental availability, but together
with the latter, also sibling effects through information sharing, role modeling, or
support with taking children to daycare. The remaining predictors related to other
kin achieve low importance. These estimates are likely conservative compared to
those in more familistic countries (Jappens and van Bavel 2012).

This analysis also allows us to inductively identify important predictors that
have not received attention in previous work. The first is having self-employed
parents, especially mothers. Self-employed parents may have more flexible or
irregular schedules and income, creating mismatches between their schedules and
daycare schedules (Bihan and Martin 2004). In the Netherlands, irregular income
makes it difficult for parents to forecast the amount of childcare subsidy they
need, which may also deter them from using daycare (Emery 2026). The second
predictor that deserves more attention is parental healthcare costs, which suggests
that some parents may need to both provide and receive care, creating complex care
arrangements. We have already discussed the third important but novel predictor:
daycare use by siblings. Lastly, the fact that the child’s month of birth achieves high
importance suggests timing effects in formal childcare uptake that could also be
studied in detail (Reichert et al. 2026).

Improvements in Predictions across Parental Socioeconomic Back-
ground

The results above show that the incorporation of family members beyond grandpar-
ents provides small yet statistically significant improvements in predictive perfor-
mance. We have discussed that these improvements can be small but theoretically
relevant, for instance, because they point us to understudied family processes in
childcare choices, such as sibling effects. These small improvements can also matter
for research on childcare choices if they help account for well-documented social
inequalities, that is, if they improve predictions especially for more disadvantaged
parents (c.f., Garcia-Bernardo et al. 2025). We assess this by evaluating whether
switching from an XGBoost model with only parental and grandparental charac-
teristics to an XGBoost model with also kin characteristics results in more correct
predictions for parents of different socioeconomic backgrounds.

Figure 4 plots the standardized odds ratios for improvements in predictions
according to a logistic regression model. The improvements concern 293 of the
10,792 couples in the test set (2.72 percent). In a similar study using Dutch register
data to predict educational attainment, Garcia-Bernardo et al. (2025) report an even
smaller number of cases (247 out of 37,603, or 0.66 percent) for which predictions
improved when using more multidimensional measurement and modeling. In our
case, predictions are more likely to improve for couples in which the father is less
educated and self-employed, and the mother is not highly educated. Predictions
are also more likely to improve the fewer hours the mother works and the younger
she is. Fathers” age shows a similar effect but does not reach statistical significance.
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Figure 4: Odd ratios of predictions improving when switching from an XGBoost model with only parental
and grandparental predictors to an XGBoost model also including kin predictors. Bars represent 95 percent
confidence intervals. The logistic regression model is fit on the test set (10,792 observations). Predictors are
z-standardized, and income and healthcare costs are logarithmic transformations. The reference category for
educational attainment is highly educated. See Appendix 4 in the online supplement for the full regression

output.

In other words, considering family members beyond grandparents helps predict
the childcare choices of parents with less human capital, who are at the start of
their careers and are less attached to the labor market. These effects are statistically
significant but concern a small subgroup of parents, underscoring that incorporating
kin may help account for childcare choices and social inequalities therein, but only
in an incremental and highly contextualized manner.

Conclusion

We have argued that previous work on the relationship between childcare choices
and family care availability relies on measurement and modeling that overlooks its
full complexity.

Childcare choices are typically modeled as an additive function of a small set of
parental, household, and grandparental characteristics. However, we have shown
that our ability to predict childcare choices increases both when we measure family
care availability across more family members and model its relationship to the
outcome with more flexible models that incorporate non-linear multiplicative effects.
Two predictors concerning family members beyond grandparents seem particularly
relevant: the presence of young cousins (0—4 years old) on the paternal side and
the use of daycare by both paternal and maternal aunts and uncles. Considering
such family members improves predictions among a small subset of couples that
includes mothers who are younger, less educated, and work fewer hours, as well
as fathers who are low educated and self-employed, suggesting that incorporating
complexity may help us better understand long-standing socioeconomic inequalities
in childcare choices (Attanasio et al. 2022; Emery, 2026).
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At the same time, our predictions are driven primarily by the employment and
financial status of mothers, as well as the sociodemographics of maternal grandpar-
ents, followed by the equivalent predictors for fathers and paternal grandparents.
Overall, the improvements in predictive performance we document are statistically
significant yet small in size. Previous work has thus rightly focused on parental and
grandparental characteristics, but it should also consider other family members and
more nuanced modeling to better understand the contextual and stratified nature of
childcare choices. How relevant this additional insight is will vary across research
questions and settings.

We identify three main avenues for future research. First, researchers of childcare
choices could study family care availability in a more multidimensional manner as a
form of social capital using network analytical methods (e.g., Aeby et al. 2014; Soler
et al. forthcoming). Second, future work could examine the predictors that we have
inductively identified. Parental self-employment (Emery 2026) and the timing of
daycare uptake (Reichert et al. 2026) can be studied together to extend the literature
on atypical working hours and unstable income (e.g., Bihan and Martin 2004). Re-
search on educational inequalities in childcare choices could explore sibling effects
(c.f., Biegel and Maes 2022). In other words, our results can be used to refine existing
theories of parenting and childcare choices, integrating data-driven discovery with
theory-driven inference (Hofman et al. 2021; Verhagen 2022). Here, the nuances
potentially captured by machine learning models must be balanced against the
need for abstraction when articulating theory (Healy 2017), given that their added
predictive value has proven relatively small in our application. Similarly, research
on the predictability of life courses would benefit from integrating existing network
theories and novel network-based models (e.g., combining Garcia-Bernardo et al.
2025 and Widmer 2016).

The limitations of our study may also inform future work. First, we encounter
issues with measurement. Measuring employment hours one year before birth
may introduce endogeneity (“leakage”, in machine learning parlance), given that
(grand)parents may already have adjusted their careers in anticipation of par-
enthood. There is, however, no straightforward solution, as anticipation could
happen even earlier. Moreover, our outcome measure does not distinguish between
non-enrollment in daycare due to choice and lack of access. This matters for our
discussion of inequalities: if some parents do not enroll out of preference, there are
fewer cases for which improvements in predictions address a meaningful inequality.

Second, predictor importance in the permutation feature analysis may have been
over- or underestimated for predictors that are relatively highly correlated (e.g.,
the age of parents and grandparents; Molnar 2025). Importance scores also do not
indicate the direction of the effects of predictors, which hinders the interpretation
of effects not previously studied (e.g., poor health status may both incentivize and
preclude reliance on formal care). The results of our inductive analysis should thus
be taken as exploratory evidence. Third, we focus on mixed-gender couples and
do not have data about the quality of family relationships, so future work should
incorporate diversity in relationship configurations (Widmer 2016), potentially
using linked survey data (Soler et al. forthcoming). Lastly, it is possible that our
results are affected by COVID-19 effects, although the Netherlands imposed fewer
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restrictions on movement and in-person care than other countries, and reimbursed
unused daycare hours. Future work could study how our results compare to
countries with similar data availability but different family structures, norms, and
policies.
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