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Abstract: While studies highlight COVID-19's disruptive impact on fertility, whether
pandemic-era childbearing predictors remain informative post-crisis is less clear. Using Polish
Familydemic panel data from 2021-2024 (N = 1,925, aged 18-49), we apply theory-guided
machine learning to evaluate a broad set of individual, employment, partnership, and family
characteristics. Because short-term fertility intentions prove most predictive of childbearing,
we model both actual births and firm positive intentions using random forest. The pandemic-
trained model retained strong post-pandemic predictive performance (AUC-ROC = 0.86),
demonstrating that pandemic-era drivers remain informative. Childbearing and intentions
shared 16 of their top 20 predictors, highlighting common relational, demographic, and work—
family factors. Relationship satisfaction, work—life balance, and domestic work division were
particularly prominent, whereas prolonged school and childcare closures lowered predicted
probabilities for both outcomes among parents. Ultimately, post-pandemic fertility dynamics
reflect persistent constraints embedded in everyday family and working lives.
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1. Introduction

Economic recessions, wars, and other major societal disruptions - such as health crises -
have repeatedly affected fertility, but their consequences differ across contexts and are rarely
uniform or fully anticipated (Sobotka, Skirbekk, and Philipov 2011). The COVID-19 pandemic
constituted such a disruption on an exceptional scale, producing marked but heterogeneous
changes in fertility intentions and births across countries and population groups (Aassve et al.
2021; Sobotka et al. 2024). Although much of the literature documents the magnitude and
timing of these changes (Sobotka et al. 2024; Winkler-Dworak, Zeman, and Sobotka 2024),
a fundamental question remains: to what extent are the circumstances and mechanisms
associated with childbearing during the pandemic specific to the crisis, and to what extent do
they reflect constraints that also matter under non-crisis conditions? This distinction matters.
If pandemic-era childbearing was shaped primarily by crisis-specific circumstances,
safeguarding fertility during future disruptions calls for interventions tailored to those
circumstances. If, instead, it was shaped by mechanisms that already structure reproductive
decision-making more broadly, future crises call less for a distinct policy response than for

strengthening the conditions on which childbearing depends at all times.

Answering this question, however, requires considering multiple aspects of individuals’
lives simultaneously. The social sciences have generated a substantial body of research seeking
to identify the determinants of childbearing intentions and behaviour. Yet the plethora of
explanatory factors proposed in this literature are seldom assessed together in terms of how well
they predict outcomes (Sivak et al. 2024). Existing studies often focus on a relatively restricted
set of factors as considering a much broader set of predictors, together with potentially complex
nonlinearities and interactions, requires researchers using conventional regression frameworks
to make numerous a priori decisions about how these relationships should be specified
in the model (Varian 2014; Verhagen 2024). Machine-learning methods provide a more flexible
framework to address such challenges by accommodating large predictor spaces and learning
complex nonlinear and interactive relationships from the data, while explicitly evaluating model
performance out of sample (Mullainathan and Spiess 2017; Molina and Garip 2019; Delaporte,
Ibbetson, and Kulu 2025).

At the same time, ML-based prediction without substantive theoretical guidance may
offer limited insight into understanding of the reproductive processes. Therefore, recent

methodological work emphasizes the need to integrate the predictive flexibility of machine
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learning with substantive social-science knowledge and theoretically informed model
specification (Molina and Garip 2019; Hofman et al. 2021; Verhagen 2024). Building on this
perspective, we adopt a theory-guided machine-learning approach in which existing theoretical
and empirical knowledge on the determinants of childbearing informs the selection and
organization of predictors as well as the sequential structure of the analysis, while machine
learning is used to assess their out-of-sample predictive capacity and capture potentially
complex predictive relationships. Throughout, we use ‘prediction’ in the machine-learning
sense, i.e. as the capacity of individual-level characteristics to account for out-of-sample
variation in childbearing outcomes, or in other words: their ability to generalize effectively
to the unseen cases (Bishop 2006; Hastie, Tibshirani, and Friedman 2009; Goodfellow, Bengio,
and Courville 2016).

We apply this approach to longitudinal data covering the COVID-19 pandemic
(2021- mid 2023) and post-pandemic periods in Poland (mid 2023-2024). We first ask which
of the theoretically grounded numerous individual, employment, partnership, and family
characteristics - including those induced by the pandemic - best predict childbearing and
whether their importance differs between the two periods. Given the central predictive role of
short-term fertility intentions (Dommermuth, Klobas, and Lappegérd 2015), we then examine
what predicts these intentions. This sequential approach reveals whether particular
circumstances are predictive primarily of births, of preceding intentions, or of both outcomes.
Furthermore, in both cases (childbearing and fertility intentions) we assess whether the same
model (i.e. a set of predictive variables and possible interactions) proves effective across
pandemic and post-pandemic periods. Overall, our research design allows us to explore whether
the circumstances and mechanisms associated with childbearing during the pandemic were

specific to the crisis or rather reflected constraints that matter under more ordinary conditions.

Poland offers a particularly revealing setting for this analysis. It combines persistently
low fertility with a substantial gap between reproductive intentions and realized childbearing
(Brzozowska and Mynarska 2018). Moreover, the pandemic in Poland substantially disrupted
employment and childcare arrangements, leading to the postponement or abandonment
of pre-pandemic childbearing intentions (Malicka, Mynarska, and Swiderska 2021; Kurowska,
Matysiak, and Osiewalska 2023) and a decline in fertility (Tymicki, Cieslik, and Syczewska
2025; Sobotka et al., 2024).

Our study advances literature in three ways. First, by following respondents during and

after the COVID-19 pandemic, we examine whether the circumstances predictive
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of childbearing during the crisis remain informative as it subsides. This extends the analysis
beyond immediate reproductive responses to the pandemic and situates crisis-related
disruptions within the broader context of work, care, and family relationships. Second,
it connects the prediction of childbearing with the prediction of fertility intentions, clarifying
which factors are predictive of intentions, subsequent childbearing, or both. Third, it extends
the small but growing literature applying machine-learning methods to fertility outcomes (Sivak
et al. 2024; Delaporte, Ibbetson, and Kulu 2025) by evaluating an unusually broad, theoretically
informed set of predictors within a common framework that accommodates nonlinearities

and interactions and assesses predictive performance out of sample.

2. Background
2.1. Fertility intentions as proximal predictors of childbearing

Influential theories of reproductive decision-making assign fertility intentions a proximal
position in the process leading to childbearing. In Miller’s Traits—Desires—Intentions—Behavior
framework, relatively enduring childbearing motivations give rise to desires, which are
translated into intentions and ultimately into reproductive behavior (Miller 1994; Miller 2011).
A similar role is assigned to intentions in the Theory of Planned Behavior, in which behavioral
intentions constitute the most immediate antecedent of reproductive action (Ajzen and Klobas
2013). These perspectives distinguish intentions from more general desires or preferences:
intentions are more directly oriented toward a contemplated course of action and therefore

occupy a position closer to subsequent behavior.

This theoretical proximity to behavior makes fertility intentions particularly relevant for
predicting subsequent childbearing. Longitudinal demographic research has consistently found
a strong correspondence between stated fertility intentions and later fertility behavior, although
this relationship is far from perfect (Schoen et al. 1999; Morgan and Rackin 2010;
Dommermuth, Klobas, and Lappegard 2015). Short-term intentions are particularly pertinent
for predicting childbearing over a relatively short observation period because they specify
whether childbearing is considered within a corresponding time horizon rather than expressing
a general preference concerning eventual family size (Dommermuth, Klobas, and Lappegérd
2015). At the same time, short-term intentions do not uniquely determine subsequent fertility.
They may change as circumstances evolve, and their realization may be facilitated or impeded
by partnership and family circumstances, employment and economic conditions, competing

life-course events, and the broader institutional context (Spéder and Kapitany 2009; Ajzen
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and Klobas 2013; Spéder and Balint 2024). Short-term fertility intentions can therefore
be understood as a theoretically privileged, but not exhaustive, source of predictive information
about subsequent childbearing. This perspective provides a rationale for considering fertility

intentions jointly with a broader set of individual and contextual characteristics.

At the same time, fertility intentions, like childbearing behavior, have been linked
to demographic and partnership circumstances, employment and work—family conditions,
the division of unpaid work within the household, and the broader care context (Mills et al.
2008; Begall and Mills 2011; Balbo, Billari, and Mills 2013). In the following subsections,
we briefly discuss the theoretical mechanisms proposed in the fertility literature through which

these factors may be relevant to fertility intentions and to subsequent childbearing.

Finally, as the COVID-19 pandemic constituted one of the major exogenous shocks
to the conditions under which fertility intentions were formed and childbearing decisions were
made over the past decade (Luppi, Arpino, and Rosina 2020; Sobotka et al. 2024), the following
discussion of factors identified in the fertility literature also considers the specific circumstances
created by the pandemic. In particular, we consider changes in economic uncertainty,
employment and working arrangements, work—family reconciliation, childcare availability,

and caregiving demands (Aassve et al. 2020; Luppi, Arpino, and Rosina 2020).

2.2. Demographic and socioeconomic characteristics

From a life-course perspective, fertility intentions and childbearing are strongly structured
by partnership circumstances, age and reproductive history (Elder 1994). Partnership status
serves as the primary structural prerequisite for family formation, as union stability and legal
marriage consistently elevate fertility intentions and childbearing compared to singlehood
or informal cohabitation (Beets 2011; Hashemzadeh et al. 2021; Sturm, Koops and Rutigliano
2023; Kuang et al. 2025). At the same time, fertility timing is bounded by a biological window
of peak fecundity, typically between ages 18 and 30, and social norms that discourage early
motherhood prior to completing education and achieving economic autonomy (Beets 2011;
Bratti and Tatsiramos 2012). Consequently, modern childbearing is heavily age-dependent,
with first births increasingly postponed into the late twenties and early thirties as individuals
negotiate socioeconomic readiness (Beets 2011; Hashemzadeh et al. 2021). Higher education

further accentuates this shift by fostering distinct material and career ambitions (Beets 2011).

When expanding families, mothers generally exhibit a preference for birth spacing of two

to three years. However, women who postpone their first birth often compress subsequent
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intervals to counteract age-related biological declines - a phenomenon recognized as the ‘time
squeeze’ effect (Bratti and Tatsiramos 2012; Tomkinson 2019). Parity further conditions these
decisions, as higher existing parity significantly depresses the likelihood of desiring or pursuing

additional children (Hashemzadeh et al. 2021).

2.3. Employment-related circumstances

Employment circumstances have long been treated as central to fertility decision-making,
since they shape both the economic resources available for childrearing and the time available
for direct parental care (Balbo, Billari, and Mills 2013). Classical economic approaches
emphasize a positive income effect of employment on fertility, particularly for men, alongside
a negative substitution effect for women, whose opportunity costs of childbearing - foregone
earnings and career interruptions - constitute a substantial cause of fertility postponement
and decline (Becker 1991; Kravdal and Rindfuss 2008; Kreyenfeld and Andersson 2014).
As the gender revolution progresses and the division of labour between partners becomes more
egalitarian (Goldscheider, Bernhardt, and Lappegird 2015), these opportunity costs
increasingly affect men as well. At the same time, the economic stability and earnings potential
of women and men are becoming similarly important for fertility intentions and their
realization, particularly where a dual-earner model is normative (Vignoli, Drefahl,
and De Santis 2012; Matysiak and Vignoli 2013). Both partners’ employment circumstances
jointly shape fertility intentions and their realization. For instance, one partner’s stable
employment can partly compensate for the other’s insecurity, whereas instability affecting both
partners constrains fertility plans considerably more than instability affecting only one partner.
This underscores the importance of allowing for such joint dependencies in empirical models

(Alderotti et al. 2021; Hanappi et al. 2017).

Beyond employment status itself, the organization of paid work also matters for fertility.
According to work—family conflict theory (Greenhaus and Beutell 1985), working time directly
determines the time available for family and shapes the perceived compatibility of professional
and family life. Stable full-time employment of both partners has increasingly become
a precondition for entering parenthood in dual-earner societies (Greulich and Rendall 2026),
though the picture often reverses after the first birth, when long working hours - particularly

women's - become detrimental to further family development (Matysiak and Vignoli 2013).

Work-time flexibility and remote work, in turn, are typically framed as ‘job resources’

that ease work—family conflict by giving workers greater latitude to accommodate caregiving
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demands (Bakker and Demerouti 2007). Nevertheless, this benefit is not unconditional:
flexibility granted alongside high job demands or an expectation of constant availability can
instead intensify work—family conflict through what has been termed the ‘flexibility paradox’,
whereby greater control over work is used to work more rather than to protect family time
(Chung 2022). Work-family borders theory offers a related caution specific to work from home:
the physical integration of work and family domains can increase role blurring
and permeability, raising the risk that family time is colonized by paid work (Ashforth, Kreiner,
and Fugate 2000). Consistent with this ambivalence, empirical evidence is mixed, with positive
effects of flexibility and remote work concentrated among highly educated mothers,
and negative effects among childless or lower-educated women (Osiewalska and Matysiak

2025; Osiewalska, Matysiak, and Kurowska 2024).

Supervisory and managerial responsibilities present a similarly two-sided case: the added
earnings and autonomy they typically bring should ease economic strain, but the accompanying
increase in workload, responsibility, and psychological engagement with work raises role
conflict, leaving their net association with fertility ambiguous (Badawy and Schieman 2021;
Yarger and Brauner-Otto 2024). Individuals' perceived work—life balance may therefore be
especially informative, as it reflects how the combined effects of working hours, demands,

flexibility, and personal life are evaluated by the individual (Begall and Mills, 2011).

These employment-related conditions became particularly salient during the COVID-19
pandemic, which combined heightened employment and income uncertainty with an abrupt,
large-scale expansion of remote work and the disruption of established work—family
arrangements (Aassve et al. 2020; Luppi, Arpino, and Rosina 2020). In Poland specifically,
working from home during the pandemic was shown to be negatively associated with changes
in fertility intentions among mothers, particularly when combined with increased childcare

demands (Kurowska, Matysiak, and Osiewalska 2023).

2.4. Care and housework-related burden

Care responsibilities shape fertility by affecting whether individuals feel able
to accommodate a(nother) child. Existing children generate not only a substantial task load -
such as feeding, supervision, transportation, and help with schoolwork - but also a less visible
mental load. According to Daminger’s (2019) framework of cognitive household labour,
this includes anticipating children’s needs, organizing care and appointments, monitoring their

health and development, and assuming responsibility for ensuring that household and family
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tasks are completed. Such demands may reduce parents’ time and energy, intensify work—
family conflict, and weaken intentions to have another child or impede their realization (Begall
and Mills 2011). These consequences are likely to depend not only on the total amount of care
required but also on its distribution between partners (McDonald 2000). When women carry
a disproportionate share of care responsibilities, the perceived costs of further childbearing may
be particularly high (Mills et al. 2008), while the resulting scarcity of discretionary time may
further reduce progression to a subsequent birth (Jarosz, Matysiak, and Osiewalska 2023).
Furthermore, the negative effects of the unequal division of domestic labour are shown to have
the most detrimental effect on childbearing among women if they coexist with their egalitarian
attitudes (Goldscheider, Bernhardt and Brandén 2013). At the same time, egalitarian attitudes
combined with egalitarian sharing of domestic duties lead to higher likelihood of further

childbearing (Aassve et al. 2015).

Care burdens extend beyond childcare. According to the linked-lives perspective, fertility
decisions are also embedded in intergenerational exchanges (Elder 1994). Assistance provided
to older, ill, or disabled relatives may compete with childbearing for time, emotional energy,
and financial resources, particularly among adults in the ‘sandwich generation’, simultaneously
responsible for children and ageing parents (Grundy and Henretta 2006). Whereas support
received from relatives may facilitate childbearing, an increasing flow of care toward older

generations can constrain fertility plans (Lazzari and Zurla 2024).

The COVID-19 pandemic sharply intensified both dimensions of care burden. School
and childcare closures abruptly transferred education, supervision, and care into households,
substantially increasing both the practical and mental demands placed on parents. At the same
time, the deterioration in children’s mental health observed during the pandemic may have
further increased their need for parental support and monitoring (Racine et al. 2021). Although
fathers often increased their participation in childcare during the pandemic, studies across
Europe show that mothers generally continued to perform more childcare and frequently
absorbed a larger share of the additional burden (Sevilla and Smith 2020; Fodor et al. 2021).
Such re-traditionalization of care appears particularly pronounced in more gender-conservative
contexts, including Poland, where pre-existing norms around maternal responsibility
for childcare may have been reinforced rather than challenged by the crisis (Suwada

and Karwacki 2024).



Kurowska, A., Grabowska, M., et al. / WORKING PAPERS 32/2026 (526) 8

2.5. Family-related satisfaction

Subjective partnership satisfaction represents a foundational determinant in the decision
to build or expand a family. Higher relationship satisfaction fosters a favorable environment for
childbearing, making happier individuals and harmonious couples display a significantly
greater propensity to realize first and higher-order births (Aassve, Arpino, and Balbo 2016;
Cetre, Clark, and Senik 2016; Hashemzadeh et al. 2021; Parr 2010; Rijken and Thomson 2011).
Within the broader framework of partnership dynamics, satisfaction with the intra-household
division of labor is a specific dimension that influences fertility decision-making. As discussed
earlier, allocation of domestic responsibilities directly shapes reproductive choices, as severe
gender imbalances in housework can depress childbearing intentions and lead couples to forgo
subsequent births (Dommermuth, Hohmann-Marriott, and Lappegard 2017; Suero 2023).
Crucially, research demonstrates that the subjective evaluation of equity matters as much
as the objective distribution of tasks: relationship satisfaction partially mediates the link
between domestic workload and fertility, meaning that unequal task sharing primarily dampens
intentions when partners perceive the arrangement as unfair (Riederer, Buber-Ennser, and
Brzozowska 2019; Suero 2023). While egalitarian arrangements strengthen fertility intentions
among childless individuals, experienced parents' willingness to progress to higher-order
parities relies heavily on their satisfaction with domestic routines, particularly in how childcare
duties are shared to absorb the demands of an expanding family (Dommermuth, Hohmann-
Marriott, and Lappegard 2017; Riederer, Buber-Ennser, and Brzozowska 2019). Finally, some
research suggests that satisfaction from or positive experiences with previous child(ren)
or parenting in general may also positively impact childbearing decisions (Newman 2008; Parr

2010).

3. Methods
3.1. Data and Methods

We use longitudinal panel data gathered annually for Polish respondents between 2021
and 2024 as the follow-up part of the Familydemic project (Kurowska et al., 2023). The dataset
thus covers both the pandemic (2021-mid 2023) and post-pandemic (mid 2023-2024) periods.
The first (2021) wave of respondents was randomly sampled from the largest independent
nationwide research panel in Poland (Ariadna), and was followed for the three consecutive
years (2022-2024). The analytical sample initially consists of 1,925 individuals aged 18-49 in

the baseline wave, generating a pooled total of 5,642 person-wave observations across the entire
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study period. Across all waves, the sample composition remained highly consistent: women
represent approximately 61.4% to 62.0% of observations, higher-educated individuals account

for 56.9% to 57.5%, and parents constitute 56.4% to 56.9% (see Table 1).

The main outcome variable, childbirth, is defined as either a live birth occurring between
consecutive survey waves (among respondents who were not pregnant at the previous
interview) or an ongoing pregnancy reported at the current interview. After reporting a birth

or pregnancy, respondents were removed from all subsequent person-wave observations.

Among the features (in machine learning: all input variables included in the model),
we first distinguish short-term fertility intentions that are measured on a 10-point scale ranging
from 1 (‘definitely not’) to 10 (‘definitely yes’), assessing the intention to have a child within
the next three years. The remaining features are selected based on an extensive literature review,

a summary of which was discussed in the previous section, and encompass four main domains:

1. Demographic and socioeconomic characteristics: respondent’s age, partnership
status, education, subjective material assessment, size of a place of residence, age of
the youngest child and parity.

2. Employment-related circumstances: respondent's employment status, working hours,
flexible working hours, work-from-home status, supervisory responsibilities,
and satisfaction with work-life balance, together with the corresponding partner-
specific factors (except for work-life balance satisfaction which was unavailable for
partners).

3. Care and housework-related burden: time spent helping a child, the relative
housework and childcare workload ratios, eldercare/family care responsibilities,
mental health status of the youngest child, and time the child spent at home due to
closed schools or childcare facilities during the pandemic. We also add an indicator
of gender role attitudes (agreement with the statement that ‘a child suffers when their
mother works’), as an evidence-based moderator of the role division of domestic
responsibilities plays for fertility (see Background section).

4. Family-related satisfaction: satisfaction with (1) the relationship with the partner,

(2) relationships with children, and (3) the division of domestic responsibilities.

The exact definitions, coding levels, and descriptive statistics for all features are detailed

in Table Al in the Appendix. To preserve the sample size without artificial imputation,
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structurally non-applicable missing values, such as partner characteristics for single

respondents, were explicitly recoded as -1.

Table 1. Sample distribution, childbirths, demographics, and fertility intentions across
timeframes (main model).

Timeframe | Total | Childbirt |Childbirt| Parents | Women | Higher | Mean |Fert. Int. 8 or
Obs. hs h rate (%) (%) |Edu. (%) | Fertility | higher (%)
(%) Intentio
n
2021-2022 | 1,925 47 2.4% 56.4% | 62.0% | 57.5% 33 14.4%
2022—2023 | 1,878 39 2.1% 56.6% | 61.7% | 57.1% 2.8 10.8%
2023—2024 | 1,839 25 1.4% 56.9% | 61.4% | 56.9% 2.7 9.5%
Full sample | 5,642 111 2.0% | 56.6% | 61.7% | 57.2% 29 11.6%

Source: Own calculations based on the 2021-2024 panel data from the Familydemic project.

We estimate two random forest classification models (Breiman 2001), which were
previously successfully applied to fertility outcomes (Delaporte et al. 2025; Kassaw et al. 2025;
Tadese et al. 2025). Hyperparameters are selected through grid search by maximizing the Area
Under the Receiver Operating Characteristic Curve (AUC-ROC) metric on the validation set.

The main model predicts childbirths between consecutive survey waves using
circumstances measured in the preceding wave. It is trained to predict 2022 outcomes from
2021 characteristics (N = 1,925) and is validated on 2023 outcomes based on 2022
characteristics (N = 1,878). Then, we evaluate the model out-of-sample on 2024 outcomes using
2023 characteristics (N = 1,839). If the model trained and validated on the pandemic data
maintains its predictive performance in the post-pandemic period, this would provide evidence
that the circumstances associated with childbearing during the pandemic, as well
as the predictive mechanisms underlying them, remain relevant under non-crisis conditions

rather than being specific to the crisis context.

In addition to identifying the most important features (predictors) of childbearing,
this model is used to determine the point on the 1-10 fertility-intention scale above which
fertility intentions begin to contribute positively (i.e., yield positive SHAP values)
to the predicted probability of childbirth. This empirically derived threshold is then used
to dichotomize fertility intentions for the second, auxiliary model. Unlike the childbearing

model, the fertility-intentions model relates intentions to characteristics measured in the same
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survey wave, thereby treating fertility intentions as responses to the respondents’ current

situation (total obs. for train set = 1,925; validation set = 1,925; test set = 1,878).

Finally, eXplainable Artificial Intelligence (XAI) techniques based on SHAP (SHapley
Additive exPlanations) values (Lundberg and Lee 2017) were employed to quantify features’
contributions to both models, map non-linear relationships across data subspaces, and detect

interaction effects between individual, domestic, and labor market factors.

3.2. Statement on the use of LLMs in this study

ChatGPT (version 5.5) was used as an auxiliary tool during the development of machine-
learning models, i.e., to identify programming errors, improve code readability and structure,
and assist with code comments and documentation. It was not used to generate or propose
algorithms, computational methods, or scientific solutions. All scientific and methodological
decisions, code, and results were developed and verified by the authors. We also acknowledge
the support of ChatGPT (version 6.0 Astra) and Gemini (version 3.6 Thinking) to enhance the
readability of our manuscript. Specifically, ChatGPT and Gemini assisted us with general text
editing, such as rephrasing sentences, refining their structure, or checking grammar, while

ensuring that the content remained entirely our own.

4. Results
4.1. Childbirth Prediction

The model achieved high predictive power, yielding a full training AUC-ROC of 0.94
and a test AUC-ROC of 0.86, indicating strong generalization ability without severe overfitting.
On the test dataset, where childbirths are highly imbalanced (n = 25, or 1.4%), the model
achieved a Sensitivity (Recall) of 0.64 and a Specificity of 0.89 (classification threshold
optimized on the full training set using Youden’s J statistic). Out of the 25 childbirth events in
the test wave, the model correctly identified 16 (True Positives), missing 9 (False Negatives),
while correctly classifying 1,612 non-childbirth cases (True Negatives) against 202 False
Positives (see Table 2). The model identified nearly two-thirds of births while correctly
classifying 88.9% of non-births, indicating good discriminatory performance for a relatively

rare outcome.

To understand which features drive these predictions, global feature importance was
computed using mean absolute SHAP values across all features. Figure 1 displays the top 20

most important features (hereafter ‘predictors’) ranked for the train set (the corresponding
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predictor importance for the test set is presented in Figure Al in the Appendix). As shown in
Figure 1, fertility intentions, respondents' age, and relationship satisfaction emerge as the three
most dominant predictors of childbirth. These are followed closely by partner-related work
characteristics (particularly their working time), care pressures (particularly those issuing from
closed schools or daycare facilities during the pandemic) and satisfaction with the division of

housework.

Table 2. Test Set Confusion Matrix - Main Model (Predicting Childbirths) (N = 1,839)

Predicted: No Predicted: Childbirth Total
Childbirth
Actual: No Childbirth 1,612 202 1,814
Actual: Childbirth 9 16 25
Performance Specificity: 88.86% | Sensitivity: 64.00% | AUC-ROC: 0.8622
Metrics

Source: Own calculations based on the 2021-2024 panel data from the Familydemic project.

Figure 1. Top 20 Most Important Features (Predictors) of Childbirth on Full Training Set

Global SHAP Importance (Top 20 Features)

fert_int

age

sat_rel
work_time_partn
closed_school
sat_div_resp
age_youngest
flex_hours_partn
resp_eldercare
time_help_child
partnership_status
sat_wlb
housework_workload_ratio
group

supervising_partn

WFH_partn
emp_status_partn
young_child_ment_health
resp_care_fam

commute

0.000 0.001 0.002 0.003 0.004 0.005 0.006 0.007 0.008

Notes: The horizontal axis represents the mean absolute SHAP value per predictor, indicating the average
magnitude of each predictor’s contribution to the model’s predictions. Higher values correspond to greater overall
predictor importance. Detailed descriptions of all variable names are included in table Al (Appendix).

The subsequent sections focus on a selected subset of key variables from this top 20

ranking. The three most predictive features are presented on detailed SHAP dependence plots
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in Figures 2—4 below, while SHAP dependence plots for the remaining top-20 predictors
(excluding ‘group’ variable as it is included only to distinguish parents from childless
individuals) are provided in Figures A2—A17 in the Appendix. On all these figures, SHAP
values are shifted by the baseline probability, i.e., the model's average predicted probability
across the sample, representing the expected outcome before accounting for any individual
predictor - so that the vertical axis reflects predicted probability rather than raw SHAP values.
To account for structural baseline differences, all detailed SHAP value analyses are
disaggregated across two main dimensions: parity and gender. The baseline predicted
probability (base value) of a childbirth differs substantially by parity, standing at 0.0246 for
childless respondents compared to 0.0213 for parents on the training data. Using these baseline
probabilities as references, we analyze SHAP dependence and interaction plots to assess how
individual, partner, and domestic characteristics shift the likelihood of childbirth above
or below these group baseline levels. Importantly, we show results for the full training set,
i.e., the dataset that uses COVID-19 circumstances to predict childbirths in 2022 and 2023,
to consider the specific conditions during that period. Results for the post-pandemic 2024 test
sample were very similar, suggesting good generalizability of our ‘pandemic’ findings

and negligible overfitting.

Starting with individual demographic and socioeconomic factors, short-term fertility
intentions (see Fig. 2) demonstrate a clear threshold pattern regardless of parity. Stated
intentions between 1 and 7 (on a 1-10 scale) exert neutral or negative SHAP contributions
to childbirth. Only fertility intentions rated 8 or higher on the 10-point scale make a clear
positive contribution to the model’s predicted probability of childbirth. Age (see Fig. 3) exhibits
a distinct, non-linear pattern with a sharp structural threshold at 35 years. Childbirth
probabilities peak around age 30, after which SHAP contributions drop steeply and turn
negative for individuals aged 35 and older. Partnership status (see Fig. A9) imposes strict
baseline constraints. Single respondents and individuals in non-cohabiting informal
relationships exhibit markedly reduced probabilities. Formal cohabitation and marriage both
positively contribute to childbirth; however, cohabitation pushes probabilities above
the baseline probability primarily for childless respondents, whereas formal marriage remains
the dominant positive driver for higher-order births. Finally, among parents, higher childbirth
probabilities are tightly concentrated in the early childhood of the youngest child, specifically
when they are under 5 years old (see Fig. A5). This confirms a preference for short birth spacing

among Polish couples.
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Figure 2. SHAP Plot for Fertility Intentions for Childbirth Prediction on Full Training Set
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Notes: The horizontal axes represent predictor values, and the vertical axes represent the predicted probability
of childbirth, obtained by adding each observation's SHAP value to the model's baseline (expected) probability.
The dotted horizontal line marks the baseline probability itself. Points above the dotted line indicate that
the predictor's SHAP value contributes positively to the predicted probability relative to baseline, whereas points
below the line indicate a negative contribution. Colors represent gender (male/female).

Figure 3. SHAP Plot for Age for Childbirth Prediction on Full Training Set
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Notes: The horizontal axes represent predictor values, and the vertical axes represent the predicted probability
of childbirth, obtained by adding each observation's SHAP value to the model's baseline (expected) probability.
The dotted horizontal line marks the baseline probability itself. Points above the dotted line indicate that
the predictor's SHAP value contributes positively to the predicted probability relative to baseline, whereas points
below the line indicate a negative contribution. Colors represent gender (male/female).
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Moving to satisfaction-related predictors, subjective partnership satisfaction - the third
most important predictor in the model - operates as a ‘conditional gatekeeper’ (see Fig. 4).
As with fertility intentions, probabilities of experiencing a childbirth are highest when
relationship satisfaction reaches at least 7 out of 10. Perceived satisfaction with the division of
domestic duties (see Fig. A4) also must reach a minimum threshold of 6 out of 10 to positively
contribute to childbirth probability. This threshold pattern is particularly pronounced among
men, for whom high satisfaction with domestic arrangements is associated with higher

predicted fertility.

Figure 4. SHAP Plot for Satisfaction with Relationship for Childbirth Prediction on Full
Training Set
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Notes: The horizontal axes represent predictor values, and the vertical axes represent the predicted probability
of childbirth, obtained by adding each observation's SHAP value to the model's baseline (expected) probability.
The dotted horizontal line marks the baseline probability itself. Points above the dotted line indicate that
the predictor's SHAP value contributes positively to the predicted probability relative to baseline, whereas points
below the line indicate a negative contribution. Colors represent gender (male/female).

As for employment-related characteristics, the partner’s labor supply (see Fig. A2) makes
a positive contribution to the model’s predicted probability of childbirth once specific working-
hour thresholds are reached. For higher-order births among parents, childbirth likelihood is
highest when a male partner works full-time or even overtime, which likely proxies his ‘income
effect’: a favorable material situation and economic stability for childbearing. For childless
individuals, the positive threshold occurs at lower working hours (around half-time / 20 hours

per week) for both genders, suggesting that labour-market attachment, even part-time,

is sufficient to support entry into parenthood. Additionally, men whose female partners are not
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in paid employment show slightly higher probabilities of experiencing childbirth, though this
pattern is modest compared to working-hour thresholds (see Fig. A14). Next, women whose
male partners do not work from home (see Fig. A13) exhibit higher probabilities of childbirth
across both childless women and mothers, potentially reflecting differences in occupational
stability or spatial boundaries between home and office work. Surprisingly, commute time
(see Fig. A17) reveals a clear pattern: individuals with daily commutes exceeding 40 to 50
minutes have higher probabilities of childbirth. This counterintuitive finding likely reflects
suburbanization and housing choices, where expanding families relocate to residential
peripheries involving longer commutes. Importantly, work-life balance satisfaction
(see Fig. A10) requires a baseline rating of at least 6 out of 10 to yield positive SHAP values
across parities and both genders. This reflects the importance of clearly positive perception

of balance between work and private life for transitions to both first and subsequent children.

Participation in domestic work (see Fig. A11) shows a similar and gendered pattern.
As expected, men who contribute a very low share to housework exhibit the lowest probabilities
of childbirth. This penalty for unequal domestic share is especially severe among existing
parents considering higher-order births. Next, institutionally-driven shocks to childcare burden
are associated with a markedly lower predicted fertility. Experiencing increased childcare
burden due to closed schools or daycare facilities for more than 2 months is strongly negatively
associated with childbirth probabilities (see Fig. A3). In addition, bearing additional family care
duties (a burden borne disproportionately by women) is consistently associated with a lower

probability of childbirth (see Fig. A16).

Importantly, several variables included in the top 20 global ranking exhibited near-zero
or flat SHAP dependence distributions across their ranges, indicating little direct, independent
effect once other primary drivers are controlled for. These include partners’ flexible working
hours (Fig. A6), eldercare responsibilities (Fig. A7), time spent helping a child with school
(Fig. A8), partners’ supervisory position (Fig. A12), and the youngest child's mental health
assessment (Fig. A15).

Finally, none of the interactions were identified as crucial in the model. Precisely,
the mean absolute SHAP interaction values across all samples were substantially smaller
(at most 0.0004) than the absolute SHAP values obtained for the 20 individual features
(from 0.0084 to 0.0005), indicating that the model predictions were primarily driven by main
effects rather than consistent pairwise interactions. At the same time, this is a fairly common

outcome for tree-based models fit on tabular data, especially with moderate sample sizes -
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genuine interaction patterns need more signal to separate from noise than main patterns do,
so SHAP interaction values often shrink toward zero relatively easily (Wright, Ziegler and

Konig, 2016).

4.2. Positive Fertility Intentions Prediction

Building upon the empirical findings of the main model, where childbirth was positively
associated with baseline fertility intentions of 8 or higher on the 1-10 scale, the second model
explicitly investigates the determinants of expressing positive fertility intentions. In this step,
the binary target variable is defined as holding strong short-term fertility intentions (at least 8
on a 1-10 scale), versus lower fertility intentions (1-7). Again, the fertility-intentions model
relates intentions to same-wave characteristics, treating them as responses to respondents'

current situation.

The random forest model predicting high fertility intentions demonstrated solid predictive
capability and generalization across waves. The model achieved an AUC-ROC of 0.80 on
the full training set and an AUC-ROC of 0.74 on the test set. When evaluated on the latter,
where 195 observations (10.4%) exhibited high fertility intentions, the model yielded
a Sensitivity (Recall) of 0.61 and a Specificity of 0.75. Out of 195 respondents with high
intentions, the model correctly identified 118 (True Positives) while missing 77
(False Negatives). Furthermore, it correctly classified 1,267 individuals with lower intentions
(True Negatives) against 416 False Positives (see Table 3). These results indicate robust

capacity to discriminate high-intention individuals while accommodating the broader

behavioral variance inherent in subjective attitude metrics.

Table 3. Test Set Confusion Matrix - Auxiliary Model (Predicting Positive Fertility Intentions)
(N =1,878)

Predicted: Intentions | Predicted: Intentions Total
<§ >8
Actual: Intentions <8 1,267 416 1,683
Actual: Intentions >8 77 118 195

Performance
Metrics

Specificity: 75.28%

Sensitivity: 60.51%

AUC-ROC: 0.7386

Note: Positive fertility intentions are defined as a score of >8 on the 10-point scale, based on the empirical

threshold identified in the main model (predicting childbirth).

As in the main model, global feature importance was determined by calculating mean

absolute SHAP values across all predictors. Figure 5 illustrates the top 20 most influential
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variables ranked for the training data (with the corresponding test-set ranking provided in

Figure A18 in the Appendix).

As demonstrated in the figure, 16 of the top 20 predictors are shared with the childbirth
model, albeit with slight variations in rank order. Here again respondents' age and relationship
satisfaction emerge as the primary predictors of high fertility intentions. Notably, the length of
the period the child stayed at home due to school or daycare closures during the pandemic

emerges as the third most important predictor for childbearing intentions.

To examine how individual, household, and institutional predictors shape high fertility
intentions, SHAP dependence plots were analyzed across key variable domains. As for
the previous model, we present the results for the train data, separately for childless respondents
and parents and distinguishing between men and women. The baseline probabilities of positive
fertility intentions predicted by the model are 0.147 for childless respondents compared to 0.116
for parents. The three core predictors are highlighted in Figures 6—8 below, while plots for all
remaining top 20 features are detailed in Figures A19-A34 in the Appendix.

Figure 5. Top 20 Most Important Features (Predictors) of Positive Fertility Intentions on Train
Data

Global SHAP Importance (Top 20 Features)
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Notes: The horizontal axis represents the mean absolute SHAP value per predictor, indicating the average
magnitude of each predictor’s contribution to the model’s predictions. Higher values correspond to greater overall
predictor importance. Detailed descriptions of all variable names are included in table Al (Appendix).
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The non-linear effect of demographic and socioeconomic anchors closely mirrors
the dynamics observed in the childbirth model. Respondents' age displays a sharp drop below
baseline probability around 35 years (see Fig. 6). Similarly, the age of the youngest child among
existing parents exerts a strong spacing effect, with positive contributions being lowest when
the youngest child is over 5 years of age (see Fig. A20). Partnership status continues to impose
structural baseline constraints: single respondents and those in non-cohabiting informal
relationships consistently exhibit the lowest probabilities of holding high fertility intentions
(see Fig. A22). Educational attainment also emerges as a key socioeconomic correlate among
childless respondents, with those who have less than higher education (a group in which men
are overrepresented in our sample) showing the lowest likelihood of expressing high fertility

intentions (see Fig. A34).

Figure 6. SHAP Plot for Age for Positive Fertility Intentions Prediction on Train Data
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Notes: The horizontal axes represent predictor values, and the vertical axes represent the predicted probability
of positive intentions, obtained by adding each observation's SHAP value to the model's baseline (expected)
probability. The dotted horizontal line marks the baseline probability itself. Points above the dotted line indicate
that the predictor's SHAP value contributes positively to the predicted probability relative to baseline, whereas
points below the line indicate a negative contribution. Colors represent gender (male/female).

Next, subjective evaluations of partnership and domestic arrangements are also key
predictors of strong fertility intentions. Consistent with birth patterns, a relationship satisfaction
score of at least 7 out of 10 is necessary to exhibit the probability of positive intentions above
group baselines (see Fig. 7). Regarding domestic responsibilities, the association between

satisfaction with the division of household tasks and strong fertility intentions again differs
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by gender, whereas the housework workload ratio itself shows no clear association with these

intentions (see Figs. A21 and A32).

Economic stability and flexible working arrangements show strong, nonlinear
associations with fertility intentions. Perceived job insecurity is negatively associated with
strong fertility intentions, particularly among childless respondents. Perceived job insecurity
functions as a major ‘deterrent’, particularly among childless respondents. Individuals who
report that job loss is ‘likely,” ‘very likely,” or who are ‘unsure’ display probabilities well below
the baseline, whereas those reporting job loss as ‘very unlikely’ show significantly higher
intentions (see Fig. A33). Among parents, having a partner who works from home at least half
of the time is positively associated with strong fertility intentions (see Fig. A26). Commute
duration replicates the spatial pattern identified in the childbirth model, with commute times
exceeding approximately 40 minutes for parents and 25 minutes for childless individuals
associating with above-baseline probabilities (see Fig. A27). Finally, higher satisfaction with
work—life balance contributed positively to the model’s prediction of firm fertility intentions,

with SHAP values rising above the baseline at scores of 7 or higher (see Fig. A29).

Figure 7. SHAP Plot for Satisfaction with Relationship for Positive Fertility Intentions
Prediction on Train Data
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Notes: The horizontal axes represent predictor values, and the vertical axes represent the predicted probability
of positive intentions, obtained by adding each observation's SHAP value to the model's baseline (expected)
probability. The dotted horizontal line marks the baseline probability itself. Points above the dotted line indicate
that the predictor's SHAP value contributes positively to the predicted probability relative to baseline, whereas
points below the line indicate a negative contribution. Colors represent gender (male/female).



Kurowska, A., Grabowska, M., et al. / WORKING PAPERS 32/2026 (526) 21

Lastly, institutional shocks caused by school and daycare closures reveal nuanced effects.
While an aggregate metric of closed schools links to a slight overall suppression of positive
intentions (see Fig. 8), more specific, binary metrics clarify the precise threshold: school
closures lasting between 1 and 6 months are actually associated with higher probabilities of
positive intentions, whereas extended disruptions exceeding 6 months link to severely lower
fertility intentions (see Fig. A24 and A31). Furthermore, time spent helping children with
school shows a slight positive gradient, i.e., parents investing more time exhibit higher average
probabilities of high fertility intentions, potentially capturing underlying family-centered
orientations (see Fig. A19). Conversely, broader care responsibilities, including eldercare (see
Fig. A25) and general family care duties (see Fig. A23), as well as partner's flexible working
hours (see Fig. A28), and child mental health evaluations (see Fig. A30), display essentially flat

SHAP distributions, demonstrating no decisive direct relationship with high fertility intentions.

Figure 8. SHAP Plot for Closed Schools Time for Positive Fertility Intentions Prediction on
Train Data
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of positive intentions, obtained by adding each observation's SHAP value to the model's baseline (expected)
probability. The dotted horizontal line marks the baseline probability itself. Points above the dotted line indicate
that the predictor's SHAP value contributes positively to the predicted probability relative to baseline, whereas
points below the line indicate a negative contribution. Colors represent gender (male/female).
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5. Conclusion and discussion

In this paper, we found evidence suggesting continuity in the circumstances predictive
of childbearing during and after the COVID-19 pandemic in Poland. We applied machine
learning methods using an abundant set of theoretically grounded individual, employment,
partnership, and family characteristics and a two-step modeling approach informed
by demographic theories linking (short-term) fertility intentions and childbearing behavior
(Miller 1994; Miller 2011; Ajzen and Klobas 2013). The random forest model trained on
pandemic observations retained strong discriminatory performance in the post-pandemic
period, with a test AUC-ROC of 0.86. This continuity supports the interpretation that
the circumstances associated with childbearing during the pandemic, and mechanisms

underlying them, reflected constraints that also matter under non-crisis conditions.

Short-term fertility intentions remain the strongest predictor of childbearing even when
numerous other circumstances are considered simultaneously. This finding aligns with their
proximal position in theories of reproductive decision-making (Miller 1994; Ajzen and Klobas
2013). At the same time, we provide evidence that the relationship is markedly nonlinear: only
intentions rated at least 8 on the 10-point scale make a clearly positive contribution
to childbearing predictions relative to the model's baseline. This distinction between weaker
and firmly positive intentions informed our second model, which examined the circumstances

associated with expressing such intentions.

Considering the two models revealed considerable overlap between the features
predictive of intentions and subsequent behavior. Sixteen of the twenty highest-ranking
predictors were shared, suggesting a common set of socio-demographic, work- and care-related,
and relational characteristics relevant to both outcomes. Their relative importance nevertheless
differed: childcare disruptions ranked more highly for intentions and perceived employment

insecurity appeared among the twenty leading predictors only in the intentions model.

Relationship satisfaction proved particularly prominent, ranking immediately after
fertility intentions and age for childbearing, and after age for positive intentions. In both models,
it ranked far above partnership status and the partner's employment status. High satisfaction
(rated at least 7 on a 10-point scale) was associated with more favorable predictions among both
parents and childless respondents. This extends existing evidence on the role of relationship
quality and childbearing for fertility (Aassve, Arpino, and Balbo 2016; Cetre, Clark, and Senik
2016; Hashemzadeh et al. 2021; Rijken and Thomson 2011) by demonstrating its non-linear,
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predictive relevance within a much broader set of variables than are usually included
in regression models. Satisfaction with work-life balance had lower predictive importance,
but its positive association with both outcomes was similarly clear. Only a firmly positive
assessment (rated 6 or higher on a 10-point scale) contributed to a higher childbearing

probability.

Domestic arrangements also mattered, although reported workloads and their subjective
evaluation did not show identical patterns. Satisfaction with the division of responsibilities
ranked highly in both models. Men's very low participation in housework was associated
with lower childbearing probabilities, especially among parents, while the workload ratio
showed no clear monotonic relationship with firm intentions. Additional family care duties
were also negatively associated with subsequent childbearing among parents. These findings
support attention to the gendered organization of unpaid work and to how individuals
subjectively experience their domestic arrangements, consistent with previous research
(Riederer, Buber-Ennser, and Brzozowska 2019; Aassve et al. 2015; Neyer, Lappegérd, and
Vignoli 2013).

What constituted one of the most important predictors, particularly in the intentions
model, was the time spent by children in the household due to pandemic-related school
and childcare closures. Increased childcare burdens associated with such closures exceeding
two months contributed negatively to childbearing predictions among parents. For firm,
positive intentions, the binary measures distinguished closures of one to six months, associated
with higher probabilities, from longer disruptions, associated with lower probabilities.
The association was therefore not uniformly negative across all closure durations. Nevertheless,
prolonged disruption over 6 months was unfavorable for both outcomes, drawing attention
to the reproductive implications of transferring sustained care and schooling responsibilities
into households. These findings complement earlier research on working from home
and changes in fertility intentions in the context of pandemic-related childcare disruptions

in Poland (Kurowska, Matysiak, and Osiewalska 2023).

Employment circumstances’ predictive importance was more differentiated. Perceived
job insecurity had relatively low predictive importance overall, but was clearly associated
with weaker intentions, particularly among childless respondents. Parents whose partners
worked from home at least half the time were more likely to express firm intentions.

This favorable pattern did not extend consistently to childbearing, suggesting that working from
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home may be linked to the two outcomes through different pathways that warrant further

investigation.

Methodologically, the study contributes to fertility research by: (i) combining
an extensive, theoretically informed predictor selection with a novel modeling approach based
on machine-learning algorithms, (ii) taking into account interactions and nonlinearities without
the need for their a priori specification, (iii) simultaneously considering models of intentions
and childbearing, and (iv) leveraging the longitudinal nature of panel data for model evaluation.
This approach identifies predictive regularities for further explanatory investigation, allowing
interpretation of the model-derived predictive patterns via SHAP values, opening new avenues

for future family research (Sivak et al. 2024; Delaporte et al. 2025).

From the perspective of reproductive autonomy, these findings direct attention
to the conditions under which people can pursue their own reproductive plans. Relationship
satisfaction and the gendered distribution of unpaid work deserve consideration alongside
material and economic circumstances. The unfavorable associations with prolonged childcare
disruptions also point to continuity of childcare and schooling as a priority in preparations for

future health emergencies.

This study, like any other, has limitations. The predictor set, although extensive, is not
exhaustive, and predictive associations do not establish causal pathways or intervention effects.
Intentions were measured approximately a year before the subsequent birth or pregnancy
observation; other predictors may partly capture intervening changes in intentions.
Measurement relatively close to conception may limit, but cannot eliminate, this possibility.
Moreover, intentions concerned a three-year horizon, whereas outcomes were observed
between annual waves. Finally, our post-pandemic evidence is based on a single wave
of a Polish panel, and generalization to future periods, other populations, or other health crises
should be made with caution. Longer follow-up and comparative evidence from other contexts
would help establish whether the regularities identified here persist beyond the present study

and extend to crises of a different nature.
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Appendixes

Table Al. Full List and Description of Explanatory Variables in Prediction Models

Variable Name

Description / Label

Individual demographic characteristics

fert int
age

age youngest

female

group

partnership statu
]

higher edu

inc_abs

fin_sit change

rising_liv_costs

place res

Fertility Intentions
Age

Age of the Youngest
Child

Female

Parity

Partnership Status

Having Higher
Education

Subjective Material
Assessment

Change of Financial
Situation

Perception of Rising
Costs of Living

Place of Residence

Levels / Type

Continuous (1-10)
Continuous (scale 0-49)

Continuous (scale 0-18)

0 =male; 1 = female

0 = childless; 1 = parents

1 = formal relationship, living together; 2
= formal relationship, living apart; 3 =
informal relationship, living together; 4 =
informal relationship, living apart; 5 =
single

0 = less than higher education; 1 = higher
education

1 = living comfortably on present income;
2 = coping on present income; 3 = finding
it difficult on present income; 4 = finding
it very difficult on present income

I=improved a lot; 2=somewhat improved;
3=did not change; 4=somewhat
deteriorated; 5=deteriorated a lot

1 = definitely not; 2 = rather not; 3 =
neither nor; 4 = rather yes; 5 = definitely
yes

1 = city; 2 = town or suburb; 3 = rural area
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Variable Name

Description / Label

Employment-realated circumstances

emp_status

emp_status part
n

work time

work time partn

flex_hours

flex_hours partn

WFH_freq

WFH partn

supervising

supervising_part
n

contract_type

Employment Status

Employment Status -
Partner

Work Time, Weekly

Work Time, Weekly -
Partner

Having Flexible Hours

Having Flexible Hours -
Partner

Frequency of WFH

Frequency of WFH -
Partner

Having Supervisory
Responsibilities
Having Supervisory
Responsibilities -

Partner

Type of Contract

Levels / Type

1 = an employee; 2 = self-employed; 3 =
employee/self-employed but not working;
4 = not employed, looking for work; 5 =
not employed, not looking for work

1 = an employee; 2 = self-employed; 3 =
employee/self-employed but not working;
4 = not employed, looking for work; 5 =
not employed, not looking for work

Continuous (scale 0-60)

Continuous (scale 0-60)

1 =yes; 2 =no, no such option at work; 3
= no, but have such option at work

I =no; 2 =yes

1 = daily; 2 = several times a week; 3 =
several times a month; 4 = less often; 5 =
never

1 = always from home; 2 = usually from
home; 3 = half of the time from home; 4 =
usually elsewhere; 5 = always elsewhere

1 =no; 2 =yes

I =no; 2 =yes

I = permanent; 2 = temporary; 3 =
seasonal; 4 = casual/on call; 5 =
temporary help agency; 6 = other
temporary
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Variable Name

contract type pa
rtn

work _sector

commute

irreg_schedule

irreg_schedule p
artn

quit_job
lost job
reduced hours

reduced hours e
mp

res_not_work

risk lose job

risk _lose job sel
f emp

career_prospects
_change

Description / Label

Contract Type - Partner

Sector of Occupation

Commute Time

Having Irregular
Schedule

Having Irregular
Schedule - Partner

Quit Job
Lost Job
Had Reduced Hours

Had Reduced Hours by
Employer

Reason for not Working

Perceived Risk of
Losing Job

Perceived Risk of
Losing Job, Self-
Employed

Perception of Changing
Career Prospects

Levels / Type

1 = permanent; 2 = temporary; 3 =
seasonal; 4 = casual/on call; 5 =
temporary help agency; 6 = other
temporary

1 = public sector; 2 = private sector; 3 =
other, ngo

Continuous (scale 0-200 minutes)

1 =no; 2 =yes
1 =no; 2 =yes
1 =no; 2 =yes
1 =no; 2 =yes
1 =no; 2 =yes
1 =no; 2 =yes

1 = temporary disability/illness leave; 2 =
parental/paternity/maternity leave; 3 =
leave to care for children or family
members; 4 = other leave; 5 = other
reasons

1 = very likely; 2 = likely; 3 = neither
likely nor unlikely; 4 = unlikely; 5 = very
unlikely

1 = very likely; 2 = likely; 3 = neither
likely nor unlikely; 4 = unlikely; 5 = very
unlikely

1 = improved a lot; 2 = somewhat
improved; 3 = did not change; 4 =
somewhat deteriorated; 5 = deteriorated a
lot
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Variable Name

att_enjoy work

Description / Label

Enjoying Work

Care and housework-related burden

childcare worklo
ad_ratio

housework work
load_ratio

resp_eldercare

resp care fam

childcare unavai
lable

time_help child

closed school

closed school 1
_6_months

closed school 6
_above months

Division of Childcare

Division of Housework

Eldercare Responsibility

Family Care
Responsibilities

Duration of Unavailable
Childcare

Time Spent Helping
Child with School

Duration of School
Closure

Schools Were Closed
Less Than 6 Months

Schools Were Closed
More Than 6 Months

Levels / Type

1 = strongly agree; 2 = agree; 3 = neither
agree nor disagree; 4 = disagree; 5 =
strongly disagree

Continuous (0-1)

Continuous (0-1)

1 = always; 2 = usually me; 3 = my
partner and me about equally; 4 = usually
my partner; 5 = always my partner; 6 =
always or usually someone else; 7 = does
not apply

1 = always; 2 = usually me; 3 = my
partner and me about equally; 4 = usually
my partner; 5 = always my partner; 6 =
always or usually someone else; 7 = does
not apply

1 = none; 2 = less than a month; 3 = about
a month; 4 = about 2-3 months; 5 = about
4-5 months; 6 = six months or more

Continuous (scale 0-12)

1 = none; 2 = less than a month; 3 = about
a month; 4 = about 2-3 months; 5 = about
4-5 months; 6 = six months or more

0=no; 1 =yes

0=no; 1 =yes
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Variable Name

young_child me

nt_health

Description / Label

Mental Health of the
Youngest Child

Levels / Type

1 = very well; 2 = well; 3 = neither well
nor poorly; 4 = poorly; 5 = very poorly

Satisfaction from relationship and intra-household division of labour

sat_rel child

sat wlb

sat_rel

sat_div_resp

gr _child suffer

Satisfaction with
Relationship with
Children

Satisfaction with Work-
Life Balance

Satisfaction with
Relationship

Satisfaction with
Division of
Responsibilities

Child Suftfering with
Working Mother

Continuous (1-10)

Continuous (1-10)

Continuous (1-10)

Continuous (1-10)

1 = strongly agree; 2 = agree; 3 = neither
agree nor disagree; 4 = disagree; 5 =
strongly disagree
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Figure A1l. Top 20 Most Important Predictors of Childbirth on Test Data

Global SHAP Importance (Top 20 Features)
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Figure A2. SHAP Plot for Working Time of a Partner for Childbirth Prediction
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Figure A3. SHAP Plot for Closed Schools Time for Childbirth Prediction
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Figure A4. SHAP Plot for Satisfaction with the Division of Household Responsibilities for

Childbirth Prediction
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Figure AS. SHAP Plot for Age of the Youngest Child for Childbirth Prediction
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Figure A6. SHAP Plot for Flexible Working Hours of a Partner for Childbirth Prediction
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Figure A7. SHAP Plot for Responsibility for Eldercare for Childbirth Prediction
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Figure A8. SHAP Plot for Time Helping Child with School for Childbirth Prediction
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Figure A9. SHAP Plot for Partnership Status for Childbirth Prediction
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Figure A10. SHAP Plot for Satisfaction with Work-Life Balance for Childbirth Prediction
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Figure A11. SHAP Plot for Housework Division for Childbirth Prediction
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Figure A12. SHAP Plot for Supervising Responsibility at Work of a Partner for Childbirth

Prediction
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Figure A13. SHAP Plot for Work from Home of a Partner for Childbirth Prediction
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Figure A14. SHAP Plot for Employment Status of a Partner for Childbirth Prediction
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Figure A15. SHAP Plot for Youngest Child’s Mental Health Assessment for Childbirth
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Figure A16. SHAP Plot for Care Responsibilities for Family Members for Childbirth
Prediction
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Figure A17. SHAP Plot for Commuting Time of a Partner for Childbirth Prediction
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Figure A18. Top 20 Most Important Predictors of High Fertility Intentions on Test Data

Global SHAP Importance (Top 20 Features)
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Figure A19. SHAP Plot for Time Helping Child with School for Positive Fertility Intentions
Prediction
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Figure A20. SHAP Plot for Age of the Youngest Child for Positive Fertility Intentions
Prediction
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Figure A21. SHAP Plot for Satisfaction with the Division of Household Responsibilities for
Positive Fertility Intentions Prediction

SHAP value

0.155 1

0.150 1

0.145 4

0.140 4

0.1354

0.130 1

0.1251

0.120 1

0.1151

parents
housework_workload_ratio
baseline probability = 0.1159

Male
Female

i — ST BT ||||“ ............. l

0.0

0.2 0.4 0.6 0.8
housework_workload_ratio

1.0

SHAP value

childless
housework_workload_ratio
baseline probability = 0.1474

Figure A22. SHAP Plot for Partnership Status for Positive Fertility Intentions Prediction
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Figure A23. SHAP Plot for Care Responsibilities for Family Members for Positive Fertility

Intentions Prediction
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Figure A24. SHAP Plot for Closed School for Between 1 and 6 Months Binary Variable for
Positive Fertility Intentions Prediction
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Figure A25. SHAP Plot for Responsibility for Eldercare for Positive Fertility Intentions
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Figure A26. SHAP Plot for Work from Home of a Partner for Positive Fertility Intentions
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Figure A27. SHAP Plot for Commuting Time for Positive Fertility Intentions Prediction
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Figure A28. SHAP Plot for Flexible Working Hours of a Partner for Positive Fertility

Intentions Prediction
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Figure A29. SHAP Plot for Satisfaction with Work-Life Balance for Positive Fertility
Intentions Prediction
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Figure A30. SHAP Plot for Youngest Child’s Mental Health Assessment for Positive Fertility
Intentions Prediction
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Figure A31. SHAP Plot for Closed School for More than 6 Months Binary Variable for Positive
Fertility Intentions Prediction
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Figure A32. SHAP Plot for Housework Division for Positive Fertility Intentions Prediction
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Figure A33. SHAP Plot for Perceived Risk of Losing Job for Positive Fertility Intentions
Prediction
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Figure A34. SHAP Plot for Higher Education for Positive Fertility Intentions Prediction
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