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Abstract
Age-specific fertility rates (ASFRs) provide the most extensive record of reproductive change, 
but their aggregate nature obscures the individual-level behavioural mechanisms that drive 
fertility trends. To bridge this micro–macro divide, we introduce a simulation-based 
Bayesian framework that couples a demographically interpretable, individual-level 
simulation model of the reproductive process with sequential neural posterior estimation 
(SNPE). We show that this framework successfully recovers core behavioural parameters 
governing contemporary fertility, including preferences for family size, reproductive timing, 
and contraceptive failure, using only ASFRs. The framework’s effectiveness is validated on 
cohorts from four countries with diverse fertility regimes. Most compellingly, the model, 
estimated solely on aggregate data, successfully predicts out-of-sample distributions of 
individual-level outcomes, including age at first sex, desired family size, and birth intervals. 
Because our framework yields complete synthetic life histories, it significantly reduces the 
data requirements for building microsimulation models and enables behaviourally explicit 
demographic forecasts.
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1 Introduction
Globally declining fertility rates are driving a profound demographic transformation, presenting fun
damental societal challenges and underscoring the need for robust models to understand and antici
pate future fertility trends. Age-specific fertility rates (ASFRs), defined as the number of births to 
women of a given age per person-year of exposure, remain the workhorse input for these tasks be
cause the underlying birth counts are collected continuously in every country’s vital-statistics system. 
ASFRs series therefore provide unparalleled temporal and geographic coverage.
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Yet ASFRs are only marginal aggregates. They reveal when births occur but not why. A long tradition 
of parametric models has been developed to describe ASFRs curves, smooth observed schedules, ex
trapolate fitted parameters, or convert projected total fertility rates into age patterns for cohort- 
component population forecasts (Brass, 1974; Chandola et al., 1999; Coale & Trussell, 1974; 
Mazzuco & Scarpa, 2015; Schmertmann, 2003). While existing approaches can excel at capturing ag
gregate ASFRs shapes, their parameters are typically macrolevel abstractions. As such, they offer lim
ited insight into the individual behavioural mechanisms driving fertility decisions (Hoem & Hoem, 
1989). Consequently, forecasts based on these models often cannot explicitly account for how evolv
ing individual choices regarding the timing of parenthood, contraceptive practice, and birth-spacing 
and stopping decisions shape future fertility trends.

This disconnect is striking in light of the explosion of microlevel fertility research based on rich indi
vidual data sources. Studies using birth histories, time-use diaries, and linked administrative records 
have uncovered nuanced relationships between education, labour market trajectories, union stability, 
and childbearing. Yet virtually none of that behavioural insight is incorporated into fertility projection 
models. The challenge of understanding contemporary fertility lies in bridging this micro–macro divide.

This article proposes a step toward this goal. We introduce a demographically interpretable individual- 
level model that captures key features of modern reproductive behaviour, including stopping, spacing, 
and contraceptive failure. Estimating such a richly parameterized model from coarse data is a significant 
challenge, as many combinations of microparameters can generate similar ASFRs curves. We overcome 
this challenge by pairing our individual-level, mechanistic model with sequential neural posterior estima
tion (SNPE), a powerful simulation-based inference method. This approach allows us to demonstrate that 
core behavioural parameters governing the overall level and timing of fertility can be recovered from 
ASFRs alone. We then fit the model to US National Survey of Family Growth (NSFG) cohorts and to 
Demographic and Health Survey (DHS) cohorts from Colombia, the Dominican Republic, and Peru, rep
resenting four settings that span markedly different fertility regimes.

The framework’s effectiveness is confirmed through rigorous validation. First, posterior predictive 
checks show that the observed aggregate fertility rates are highly plausible under the model, falling 
well within the 95% posterior predictive intervals. Most significantly, we conduct out-of-sample valid
ation, demonstrating that the model can successfully predict distributions of individual-level charac
teristics, such as the empirical distributions of age at first sexual intercourse, desired family size, and 
birth intervals, none of which inform the estimation step.

By establishing a demographically interpretable and statistically robust link between individual re
productive behaviours and population-level fertility outcomes, our framework offers a promising path 
towards a more nuanced understanding of fertility dynamics. This approach lowers the barrier to 
building detailed microsimulation models by significantly reducing their data requirements, and could 
enable more accurate, behaviourally grounded population forecasts.

1.1 Previous work
Efforts to model the reproductive process mechanistically have a long and distinguished tradition in 
demography. Pioneered by early work on fecundability (Gini, 1924) and significantly advanced by work 
on ‘natural fertility’ (Henry, 1953), this foundation led to a first wave of mathematical and early simu
lation models of the reproductive process (Bongaarts, 1977; Brass, 1958; Potter, 1972; Ridley & Sheps, 
1966; Singh, 1963, among others). Much of this mechanistic tradition was grounded in the proximate 
determinants framework, originating with Davis and Blake (1956) and later formalized and adapted by 
Bongaarts (1978), which articulated how behavioural and biological processes map onto observed fer
tility outcomes.

However, this vibrant tradition of individual-level modelling did not continue to evolve within dem
ography at the same pace or in the same manner as in other scientific fields. While empirical fertility 
research using microdata flourished (Xie, 2000), the further development of these process-based sim
ulators saw less sustained momentum. More critically, this stream of work remained largely discon
nected from the concurrent revolution in statistical methodology for simulation-based inference. 
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Techniques like approximate Bayesian computation or other simulation-based inference (SBI) approaches 
that became influential in fields like ecology and genetics (Beaumont, 2010; Hartig et al., 2011), 
were adopted only selectively in demographic simulation work, with notable examples mainly out
side fertility, including marriage and migration models analysed via Gaussian-process emulators 
(Bijak & Hilton, 2021; Hilton & Bijak, 2016). This slower and more uneven diffusion created a persist
ent gap in formally linking mechanistic understanding to empirical observations in fertility research.

Our own previous work showed that such a bridge is feasible in natural-fertility contexts (historical 
or religious communities without deliberate birth control) where a handful of biological parameters 
govern the reproductive process and can be inferred from ASFRs alone (Ciganda & Todd, 2024). The 
present article tackles the far more ambitious and policy-relevant task of modelling contemporary fer
tility, where stopping, spacing, and imperfect contraception introduce complex decision-making and 
heterogeneity in reproductive dynamics.

Our approach is grounded in the model-based programme in demography (Bijak, 2022; Burch, 2018; 
Courgeau et al., 2016), which treats formal models as carriers of substantive theory rather than purely 
descriptive tools. In this spirit, we understand our model as a mechanistic, process-based representa
tion of the reproductive life course that links individual-level behaviour to macrolevel regularities. By 
coupling a behavioural microsimulation with a formal inference framework, we make this micro–macro 
connection explicit and testable. While some microsimulation models rely on existing estimates for bio
logical parameters (see Granholm et al., 2025, for a recent example within the demographic literature), 
our approach seeks to infer these values directly from widely available aggregate fertility data.

1.2 Organization of the article
The remainder of this article is structured as follows: Section 2 describes our individual-level com
putational model of the reproductive process. Section 3 details the data sources and the construc
tion of the main demographic quantities used in our analysis. Section 4 outlines the SNPE 
methodology. Section 5 presents our findings on parameter identifiability via cross-validation, mod
el fit through posterior predictive checks, and the out-of-sample validation against microlevel data. 
Finally, we discuss the implications of our findings, limitations, and avenues for future research in 
the Section 6.

2 Model
The transition from a natural to a modern fertility regime in human populations is marked by the 
emergence of stopping and spacing behaviours (deciding whether and when to have children), repre
senting a shift from a reproductive process largely determined by physiological factors to one shaped 
by individual preferences. As a result, fertility patterns become more diverse, with family formation 
increasingly tailored to individual or couple-level choices rather than biological constraints alone.

Building on these insights, our model represents the dynamics of reproductive behaviour in contem
porary populations by placing fertility intentions and desires at its core. Specifically, it conceptualizes 
childbearing decisions as the interplay between physiological capacity, access to contraception, and 
individuals’ subjective preferences, such as desired family size and timing.

We employ an individual-level, discrete-time simulation model. A cohort of N women is simulated 
from the age of potential sexual activity until the end of their reproductive capacity, with their state 
updated in monthly time steps.

The model begins by assigning each woman key characteristics that will shape her reproductive life. 
These include two critical ages: the age at sexual initiation, when she first becomes exposed to the risk 
of childbearing, and the age at intentional reproduction, representing the point at which she actively 
starts trying to conceive. Because these two ages often differ, there is typically a period during which a 
woman is sexually active but not yet intending to have children, an interval associated with the risk of 
unplanned pregnancies.
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Additionally, each woman is assigned a desired family size, reflecting the number of children she 
ultimately hopes to have, and a desired number of months between births, which influences her birth 
spacing behaviour.

In each monthly step, a woman’s probability of conception is evaluated. This probability depends 
on her current age, her current parity relative to her desired family size, whether she has reached her 
age at intentional reproduction, and, if she has had prior births, whether her desired birth spacing 
interval has elapsed.

Specifically, when a woman is past her age at intentional reproduction, has not yet reached her de
sired family size, and is past her desired birth spacing interval (if applicable), we assume she is actively 
trying to conceive and uses no contraception. Conversely, if she has not yet reached her age at inten
tional reproduction, or has already achieved her desired family size, or is within her desired spacing 
interval, she is assumed to be using contraception. This results in a reduced, but non-zero, probability 
of conception, accounting for imperfect contraceptive effectiveness and the possibility of unplanned 
pregnancies throughout the reproductive lifespan.

Whenever a conception occurs, the woman is considered non-susceptible for nine months of 
pregnancy, followed by an additional three-month period of postpartum amenorrhoea, during 
which her probability of another conception is zero. This minimum postpartum insusceptibility 
is intended to capture the physiological delay that occurs even in the absence of prolonged breast
feeding. After this period, any additional postpartum delay associated with breastfeeding, post
partum contraception, and deliberate birth spacing is represented by the model’s birth-spacing 
component.

2.1 Implementation
The dynamics described above are implemented by assigning the following characteristics to each 
woman i and defining the processes that govern her reproductive trajectory: 

1. Age at sexual initiation (Xi): Each woman’s age at sexual initiation, Xi, is drawn from a lognormal 
distribution. This distribution is parameterized by a mean age μs and a standard deviation σs 

(both in years), which are converted to the distribution’s underlying parameters (the mean of log
arithms, μln ,s, and the standard deviation of logarithms, σln ,s) using the standard formulas: μln ,s = 
ln (μ2

s/
���������
μ2

s + σ2
s

􏽰
) and σln ,s =

���������������
ln (1 + σ2

s/μ2
s )

􏽰
. The value for each woman is drawn in years and then 

converted to months.
2. Age at intentional reproduction (Ri): Ri (in months) is also drawn from a lognormal distribution. 

The mean of this distribution is set to μr = μs + δr , where δr (in years) is an estimated model par
ameter. The parameters μr and σr (in years) are used to derive the underlying lognormal param
eters μln ,r and σln ,r using the same conversion formulas.

3. Desired family size (Di): Di is drawn from a Weibull distribution, parameterized by its mean μd 

and standard deviation σd, which are used to approximate the Weibull shape parameter αd = 
(σd/μd)−1.086 and scale parameter λd = μd/Γ(1 + 1/αd). Samples are rounded to the nearest 
integer.

4. Desired birth spacing (Bi): Bi (in months) is drawn from a lognormal distribution with a 
mean desired spacing μb and a standard deviation σb (both in months). These 
parameters are used to derive the underlying mean and standard deviation for the lognormal 
distribution.

The age-specific monthly probability of conception (fecundability), ϕ(x) at age x (in years), is a crucial 
component of the model. It is well established that fecundability typically increases from puberty, 
reaches a peak during the early adult years, and progressively declines thereafter towards menopause 
(Bendel & Hua, 1978; Larsen & Yan, 2000; Weinstein et al., 1990). To capture this characteristic age pat
tern, we model ϕ(x) over a reproductive window from xmin = 10 to xmax = 50 years. Age x is first rescaled 
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to xs = (x − xmin)/(xmax − xmin), so xs ∈ [0, 1]. Instead of using a standard polynomial basis, we employ 
Bernstein basis polynomials, which provide flexibility and ensure the curve is well-behaved at the 
boundaries of the reproductive window. Specifically, ϕ(x) is modelled as a linear combination of 
two Bernstein basis polynomials of degree 3:

ϕ(x) = β1[3xs(1 − xs)2] + β2[3x2
s (1 − xs)].

The terms 3xs(1 − xs)2 and 3x2
s (1 − xs) correspond to the two intermediate basis functions (B1,3(xs) and 

B2,3(xs)) of a Bernstein basis of degree 3. The exclusion of the first and last basis functions from the 
model inherently forces the curve ϕ(x) to be zero at the start (xs = 0) and end (xs = 1) of the reproduct
ive window. The parameters β1 and β2 are estimated and control the level and shape of the fecund
ability curve, allowing for a variety of empirically plausible age-fecundability profiles.

The actual probability of conception in a given month depends not only on this baseline age-specific 
fecundability but also on a woman’s reproductive intentions and contraceptive use. As outlined earl
ier, if a woman i with current parity (number of previous births) ki is actively trying to conceive (i.e. her 
current age is ≥ Ri, her parity ki < Di, and sufficient time Bi has elapsed since her last birth), her prob
ability of conception is ϕ(x).

Conversely, if a woman i with current parity ki is sexually active but not actively trying to conceive, 
she is assumed to use contraception. Her monthly probability of conception is then κeff ϕ(x). The par
ameter κ ∈ (0, 1) is an estimated baseline probability of contraceptive failure. To model an increased 
contraceptive vigilance once desired parity (Di) is met, the effective failure rate κeff is defined as κ if her 
current parity ki < Di, and is reduced to κ2 if ki ≥ Di. This formulation reflects intensified efforts to 
avoid further births, substantially reducing the risk of an unplanned pregnancy (assuming κ < 1) after 
a woman reaches her desired family size.

Table 1 summarizes the estimated model parameters.

3 Data
Our analysis draws on two large, nationally representative sources. For countries outside the United 
States, we use the DHS, a leading initiative of the United States Agency for International Development 
(USAID) that has conducted over 300 surveys in more than 90 low- and middle-income countries. Each 
DHS round collects complete retrospective birth histories, allowing the reconstruction of every woman’s 
fertility trajectory. Data for the United States are drawn from several early cycles of the NSFG. These sur
veys, conducted by the National Center for Health Statistics, are designed to provide detailed national 
data on family life, marriage, divorce, contraception, and importantly for this study, complete pregnancy 
and birth histories. We utilize these data as compiled and harmonized by the Integrated Fertility Survey 
Series (IFSS), applying IFSS sampling weights to generate population-level estimates. For both DHS and 

Table 1. Model parameters and their descriptions

Parameter Description

μs Mean age at sexual initiation (in years), for a lognormal distribution.
σs Standard deviation of the age at sexual initiation.
δr Mean gap (in years) between sexual initiation and intentional reproduction.
σr Standard deviation of the age at start of intentional reproduction.
μd Mean desired family size, for a Weibull distribution.
σd Standard deviation of desired family size.
μb Mean desired birth spacing (in months), for a lognormal distribution.
σb Standard deviation of the desired birth spacing.
κ Probability of contraceptive failure per month.
β1 Defines the peak of the age-specific fecundability curve.
β2 Defines the decline of the age-specific fecundability curve.
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NSFG data, to achieve adequate sample sizes while ensuring cohorts of women were exposed to broadly 
similar social conditions, we pool available survey rounds and organize respondents into 10-year birth 
cohorts. The final cohorts analysed correspond to women born between 1938 and 1948 for the United 
States, and between 1966 and 1975 for Colombia, the Dominican Republic, and Peru.

A key consideration in selecting empirical settings was to align them with the behavioural logic em
bedded in our model. Thus, we narrowed the DHS universe to countries where adolescent childbearing 
is primarily unintended. This was operationalized by calculating, for each potential cohort, the propor
tion of births to women under 18 that were declared as unplanned, retaining only those populations 
where this share exceeded one-half. This selection criterion identifies populations where, for a signifi
cant fraction of teenagers, sexual activity and intentional reproduction are decoupled—a precondition 
for our model’s assumption that early fertility is largely viewed as undesirable. It also serves to exclude 
contexts where prevailing norms, such as marriage-centred childbearing from a young age, would im
ply a data-generating process markedly different from the one our model specifies.

Because DHS sample sizes and the number of survey rounds differ widely across countries, we im
plemented a further filter based on cohort size. We selected DHS countries where the chosen cohort 
included a minimum of 4,000 women, a threshold established to guarantee reasonably precise esti
mates of both age-specific total and unplanned fertility rates across the entire reproductive span. 
This resulted in the inclusion of three DHS countries: Colombia, Peru, and the Dominican Republic. 
Together with the United States, these four nations constitute our study sample, offering a valuable 
cross-section of different fertility patterns and socio-economic contexts that allows for a robust exam
ination of our model’s performance across diverse demographic and social settings.

We compute the conventional age-specific fertility rate by dividing the number of births at each age 
by the number of person-years of exposure contributed at that age. To test how information on birth 
intentionality improves our estimates, we also construct an age-specific unplanned fertility rate 
(ASUFRs). This rate is defined as the number of unplanned births at a given age divided by person- 
years of exposure. The classification of a birth as unplanned is based on a harmonized strategy across 
the DHS and NSFG that combines direct survey questions about birth timing with a parity check (i.e. 
whether the birth exceeded the mother’s ideal family size). This hybrid approach is designed to miti
gate recall bias and ex-post rationalization, which are known to affect estimates based solely on in
tention questions (Casterline & El-Zeini, 2007).

4 Simulation-based inference
Inferring parameters for complex process-based models is often challenging because the likelihood 
function is analytically intractable or computationally prohibitive to evaluate. Simulation-based 
inference (SBI) provides a general framework for performing Bayesian inference in such simulator- 
based models by replacing explicit likelihood evaluations with learned probabilistic surrogates (see 
Deistler et al., 2025, for an overview). The core idea is to generate synthetic data under plausible par
ameter settings and use this data to train an inference network that captures the relationship between 
simulated data and parameters. Within this family, neural posterior estimation (NPE) is a widely used 
and conceptually simple approach which directly learns an approximation to the posterior distribu
tion p(θ ∣ x) from simulated data pairs (θ, x) (Papamakarios & Murray, 2016). In practice, NPE proceeds 
by drawing parameters θ from a prior distribution p(θ), using the simulator to generate the corre
sponding data x ∼ p(x ∣ θ), and then training a flexible neural density estimator to approximate the 
true posterior. We denote this estimator as qF (x, ϕ)(θ), where F represents the neural network (para
meterized by ϕ) that takes data x as input and defines the shape of the density.

While basic NPE is effective, our study employs a powerful sequential variant known as automatic 
posterior transformation (APT), sometimes referred to as SNPE-C (where the suffix ‘C’ follows an al
phabetical naming convention for successive iterations of the method) (Greenberg et al., 2019). 
Like other SNPE methods, APT enhances inferential efficiency by drawing parameter samples from 
an iteratively updated proposal distribution, p̃(θ), rather than solely from the fixed prior. The key chal
lenge in this approach is to correct for the use of a proposal distribution, as naively training on the 
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resulting samples would lead to an incorrect posterior estimate. APT solves this by analytically trans
forming the posterior estimate itself. For each simulated data point drawn from a proposal p̃r(θ), it 
re-weights the target density using the known ratio p̃r(θ)/p(θ). The network is then trained by minim
izing the loss with respect to this transformed ‘proposal posterior’, denoted as q̃x,ϕ(θ). A key advantage 
of this formulation is that because the loss is valid for any proposal, the network can be trained on the 
cumulative set of all simulations generated across all previous rounds. This procedure allows the net
work to learn the true posterior without relying on the potentially unstable importance weights used 
by other methods (Greenberg et al., 2019).

This adaptive refinement progressively concentrates simulation effort on regions of high posterior prob
ability, leading to a more accurate posterior approximation with fewer overall simulations. SNPE and re
lated NPE techniques have found successful application in diverse scientific domains, including 
neuroscience (Deistler et al., 2022; Gonçalves et al., 2020; Groschner et al., 2022), astrophysics (Dax et al., 
2025), cognitive science (von Krause et al., 2022), and exoplanet searches (Vasist et al., 2023), among others.

A key strength of the APT framework is its flexibility, as it supports a wide range of density estimators. In 
this study, we employ a neural spline flow (NSF) (Durkan et al., 2019). Normalizing flows model complex 
probability densities by transforming a simple base distribution (typically a standard multivariate 
Gaussian, u ∼ N (0, I) with density pu) through a sequence of invertible, differentiable mappings T. The 
resulting approximate posterior density for the parameters θ = T(u), denoted here as q(θ) (shorthand 
for the estimator qF(x,ϕ)(θ) defined above), can be evaluated exactly using the change of variables formula:

q(θ) = pu(T−1(θ)) det
∂T−1

∂θ

􏼌
􏼌
􏼌
􏼌

􏼌
􏼌
􏼌
􏼌. (1) 

Here, T−1 is the inverse transformation mapping the complex parameters θ back to the simple base space 
u, and the final term is the absolute value of the Jacobian determinant, which accounts for the change in 
volume induced by the transformation. NSFs specifically parameterize T using monotonic rational- 
quadratic splines. This architecture is particularly advantageous for our application because the flexibility 
of the spline transformations allows the network to capture highly complex, non-Gaussian, and potentially 
multi-modal posterior shapes. Simultaneously, the analytic invertibility of the splines ensures that the 
Jacobian determinant is easy to compute, facilitating stable training and efficient sampling (for a compre
hensive review on normalizing flows for probabilistic inference, see Papamakarios et al., 2021).

Algorithm 1 summarizes the complete APT procedure employed in this study, which was imple
mented using the sbi Python package (Boelts et al., 2025).

Algorithm 1: Automatic posterior transformation (APT). Adapted from Greenberg et al. (2019).

Input: Simulator with implicit likelihood p(x|θ), observed data xo, prior p(θ), conditional density family 
qF(x,ϕ)(θ), number of rounds R, simulations per round N.

Output: The final posterior approximation qF(xo ,ϕ)(θ).

Set initial proposal distribution p̃1(θ)← p(θ);
for r = 1 to R do

for j = 1 to N do
Sample θr,j ∼ p̃r(θ);
Simulate xr,j ∼ p(x|θr,j);

end
Update network weights ϕ by minimizing the negative log-probability of the parameters over all    

collected data {(θi,j , xi,j)} from rounds i = 1...r:
ϕ← arg minϕ

􏽐r
i=1
􏽐N

j=1 − log q̃xi,j ,ϕ(θi,j);
where q̃x,ϕ(θ) := qF(x,ϕ)(θ) p̃(θ)

p(θ)
1

Z(x, ϕ) with Z(x, ϕ) = ∫ θqF(x,ϕ)(θ) p̃(θ)
p(θ) dθ;

Set the next proposal to the current posterior estimate for the observed data  
xo:

p̃r+1(θ)← qF(xo ,ϕ)(θ);
end
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As formally defined in Algorithm 1, the loss function depends on a normalizing constant Z(x, ϕ) that 
is required to ensure the proposal posterior is a valid probability density. However, calculating Z(x, ϕ) 
requires integrating the product of the flow-based density and the proposal ratio over the parameter 
space. This integral has no closed-form analytical solution for NSF, and numerical integration is com
putationally intractable due to the high dimensionality of our model. To circumvent this, we employ 
the ‘atomic’ version of APT (as implemented in the sbi package), which sums over a discrete batch of 
parameters (or ‘atoms’) sampled from the proposal distribution. By contrasting the true parameter 
against this batch of alternative candidates, the method avoids explicit integration while yielding a 
valid estimate of the posterior density.

Inference was performed over R = 6 rounds, with an initial batch of N = 18,000 simulations followed 
by N = 6,000 simulations per subsequent round. This budget was determined to be sufficient based on 
the observed stabilization of the mean absolute percentage error between observed and simulated 
ASFRs.

4.1 Inference scenarios
Simulation-based inference typically relies on summarizing potentially high-dimensional data into 
lower-dimensional, sufficiently informative statistics. This can be done either through explicit, pre- 
defined summaries or via learned embeddings. The ability to work with a low-dimensional yet descrip
tive representation of the data is often essential for making parameter inference tractable, especially 
for complex simulators.

When working with aggregate data, as in our study, the dimensionality reduction is an inherent fea
ture of the observation process. For instance, vital statistics or administrative registers implicitly ag
gregate thousands of individual fertility trajectories into relatively low-dimensional summaries like 
age-specific fertility rates. We thus inherit a pre-summarized dataset, limiting our ability to engineer 
or learn optimal summary statistics directly from the underlying microlevel process.

A critical question then arises: do these aggregate data provide sufficient information to tightly con
strain the posterior distributions of the parameters in our individual-level model? The core challenge is 
that different combinations of microparameters (e.g. those governing desired family size, timing of in
tentional reproduction, or contraceptive failure) could potentially yield very similar aggregate fertility 
schedules, resulting in high posterior uncertainty. We address this identifiability problem in Bayesian 
terms, asking to what extent different combinations of data and prior information tighten the poster
ior distributions of the behavioural parameters.

While ASFRs represent the baseline data available in most settings, demographic analyses can 
sometimes draw upon richer sources of information. We therefore test how the parameter estimation 
process can be strengthened by incorporating such additional information. This can be done in two 
primary ways: either by augmenting the data with more detailed summary statistics or by encoding 
external knowledge into the model through more informative priors. Given that our model explicitly 
simulates the planned and unplanned nature of births, information on birth intentionality is a particu
larly relevant source of additional data. However, since this type of data is costly to collect and often 
unavailable, it is valuable to assess whether similar gains in estimation accuracy can be achieved by 
instead using informative priors on key behavioural parameters.

We therefore evaluate parameter recovery under three increasingly informative inference scenarios:
Scenario 1: ASFRs with weak priors: This baseline scenario uses only simulated age-specific fer

tility rates as summary statistics. All model parameters are assigned weakly informative priors.
Scenario 2: ASFRs with informative priors. This scenario tests the impact of incorporating plaus

ible external information. The summary statistics are still limited to ASFRs, but we use narrower, more 
informative priors for the mean desired family size (μd), the mean gap to intentional reproduction (δr), 
and the mean desired birth spacing (μb). All other parameters retain their weakly informative priors.

Scenario 3: ASFRs and ASUFRs with weak priors. This scenario tests the impact of adding more 
detailed data. We revert to the weakly informative priors from Scenario 1, but we augment the sum
mary statistics to include both simulated ASFRs and age-specific unplanned fertility rates.
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The informative priors used in Scenario 2 simulate a context where a researcher might leverage ex
ternal information to improve estimates. For the mean desired family size (μd), we construct the prior 
directly from the empirical survey distribution for the US case, mimicking a situation where such sum
mary data is readily available. For the remaining two parameters, we simulate the process of knowl
edge transfer from a data-rich to a data-poor setting by using the posteriors from our most 
data-intensive setup (Scenario 3) as the informative priors for Scenario 2. This mimics a situation 
where results from a detailed prior study on a similar cohort/country are used to inform a new analysis 
where only ASFRs are available.

4.2 Prior specification
For our baseline scenario (Scenario 1), we selected weakly informative priors for all eleven model pa
rameters to allow the data to drive the inference. The specific parameterization of these priors was 
chosen to cover a broad yet plausible range of values based on existing demographic literature and 
the inherent constraints of each parameter.

For strictly positive quantities like means and standard deviations (e.g. μs, σs), we used broad 
Gamma distributions. For example, the prior for the mean age at sexual initiation (μs) contains 95% 
of its probability mass concentrated between 14.4 and 28.9 years. This range comfortably contains ex
isting estimates for the mean age at onset of sexual activity across diverse Western countries and co
horts, which typically falls between 16 and 19 years (Kerry et al., 2017; Wellings et al., 2006). Likewise, 
the prior for mean desired family size (μd) is centred at 4.5 children, with a 95% probability interval of 
[1.9, 8.1], again comfortably encompassing the available estimates for the cohorts studied (Bongaarts 
& Lightbourne, 1992; Sobotka & Beaujouan, 2014; Westoff & Ryder, 2015). For parameters where reli
able external estimates are lacking, such as the gap to intentional reproduction (δr) and mean desired 
birth spacing (μb), we employed Uniform priors to define very wide yet plausible ranges (0 to 8 years 
for δr and 10 to 100 months for μb). The contraceptive failure probability (κ) was assigned a Beta dis
tribution. Its prior reflects a wide range of plausible contraceptive efficacy levels for our study cohorts, 
centred around a 20% failure rate but with significant probability assigned to both lower and higher 
values. Finally, the priors for the Bernstein coefficients (β1 and β2) were selected to ensure the resulting 
age-fecundability curves would generously contain available estimates of conception probabilities at 
early, peak, and later reproductive ages (ACO, 2014; Dunson et al., 2002; Schwartz & Mayaux, 1982; 
Wesselink et al., 2017).

5 Results
This section presents the results from the validation experiments designed to test our framework 
under the three information scenarios defined above. We first assess the model’s ability to recover 
known parameters from simulated data using a cross-validation procedure (Section 5.1). We then ap
ply the framework to empirical data from our four study countries, evaluating both the in-sample fit 
through posterior predictive checks and, most critically, the out-of-sample predictive performance 
against microlevel data not used for estimation.

5.1 Cross-validation
Our validation procedure involves repeatedly generating datasets with known parameters and then 
attempting to recover these parameters using our inference procedure. Specifically, we repeat the fol
lowing steps for I iterations: 

1. Generate Ground-Truth Data: In each iteration i (for i = 1, . . . , I), we draw a distinct ‘true’ par
ameter vector, denoted θ∗(i), from the prior distribution p(θ) defined for the given scenario. Using 
our individual-level simulation model, we then generate a corresponding vector of aggregate 
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summary statistics, denoted x(i)
0 , which serves as the pseudo-observed data for this iteration. The 

pair (θ∗(i), x(i)
0 ) constitutes a ground-truth dataset where the data-generating parameters are 

known.
2. Perform Full Posterior Inference: For each pseudo-observed dataset x(i)

0 , we independently run 
our complete SNPE procedure. This involves training a neural density estimator over R rounds 
with Nsim new simulations drawn from the evolving proposal distribution in each round, to obtain 
an approximation of the posterior distribution qϕ(θ ∣ x(i)

0 ).
3. Evaluate Parameter Recovery: From each resulting posterior approximation qϕ(θ ∣ x(i)

0 ), we use 
the posterior mean as the point estimate for the parameters, denoted θ̂(i). We then assess the ac
curacy of recovery by comparing this estimate θ̂(i) with the known true generating parameters θ∗(i).

By performing these I independent inference runs, we obtain a distribution of estimation errors (e.g. 
θ̂(i) − θ∗(i)) for each model parameter under each of the three informational scenarios. We then sum
marize these error distributions using the normalized root-mean-squared error (RMSE). Lower RMSE 
values indicate better parameter recovery and allow for a direct comparison of how effectively 
each informational setup constrains the model parameters.

Figure 1 presents the results of our cross-validation analysis, performed over 25 folds for the seven 
core model parameters (Cross-validation results for the four heterogeneity parameters are presented 
in online supplementary material, Figure A1 in the Appendix). The first three columns display scatter
plots comparing the known ‘true’ parameter values (horizontal axis) against the posterior mean esti
mates recovered by our model (vertical axis) for each of the three scenarios. Perfect parameter 
recovery would place all points directly on the dashed 45◦ reference line. The final column summarizes 
the performance for each parameter across scenarios by plotting the normalized RMSE.

The results demonstrate that parameter recovery is already reasonably robust in the baseline scen
ario. In the scatterplots for this scenario, the estimated parameter values consistently cluster around 
the true values on the 45-degree line, with some parameters exhibiting tighter clustering than others. 
This indicates that the model can successfully disambiguate the majority of its behavioural compo
nents from the aggregate fertility schedule alone. As expected, parameter recovery improves system
atically when additional data is incorporated (Scenario 3). The use of informative priors (Scenario 2) 
yields more mixed results, reducing the RMSE for some parameters but showing slight increases for 
others compared to the baseline.

5.2 Model validation
The cross-validation experiments (Section 5.1) confirmed the capacity of our SBI framework to recover 
key microlevel parameters from aggregate ASFRs. To further scrutinize the model’s performance, we 
conduct two additional forms of validation. First, posterior predictive checks, to assesses the model’s 
ability to replicate the aggregate data used for inference. The second validation stage examines the 
model’s capacity to predict out-of-sample individual-level characteristics of the observed cohorts, 
such as distributions of desired family size, age at first sexual intercourse, and birth interval durations, 
which were not used during the parameter estimation process.

We present the main validation results using the posteriors obtained under Scenario 1 (ASFRs with 
weak priors). We focus on this baseline scenario as it provides the most stringent test of our model’s 
capacity to infer individual-level mechanisms solely from aggregate fertility rates. Results for the scen
arios incorporating additional information (Scenarios 2 and 3) are presented in the online 
supplementary material, Appendix.

5.2.1 Posterior predictive checks
To perform posterior predictive checks, we draw 5,000 samples from the joint posterior distribution 
for each of the four countries (United States, Colombia, Dominican Republic, and Peru). For each 
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Figure 1. Cross-validation of seven core model parameters over 25 folds. Columns 1–3 display scatterplots of true 
parameter values (horizontal axis) versus posterior mean estimates (vertical axis) for Scenarios 1, 2, and 3, with the 
dashed 45◦ reference line indicating perfect recovery. Column 4 reports the scenario-specific root-mean-squared 
error. Cross-validation for the four heterogeneity parameters is shown in the online supplementary material, 
Appendix.
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parameter sample, we simulate a full cohort of individual reproductive histories using our model and 
then recompute the ASFRs.

Figure 2 presents observed ASFRs against their corresponding posterior predictive distributions. 
Observed ASFRs are represented by purple open circles. Red open circles represent the mean of the 
5,000 simulated ASFRs schedules, while the shaded red areas depict the 95% posterior predictive 
intervals.

Across all four diverse demographic contexts, the model demonstrates a strong capacity to replicate 
the observed data. The posterior predictive means closely track the observed ASRFs, capturing key 
features such as the location and height of peak fertility, and the age pattern of decline. Notably, 
across all countries, almost all observed points fall well within the 95% posterior predictive interval, 
indicating that the model, conditioned on the inferred parameters, generates aggregate outcomes 
highly consistent with the observed data.

These results confirm that our framework, even with minimal data inputs, can consistently and ac
curately reproduce the population-level fertility schedules it was intended to explain.

5.3 Estimated marginal posteriors
Figure 3 displays the marginal posterior distributions for all 11 model parameters, estimated under 
Scenario 1 for each of the four countries. The results clearly show that the aggregate ASFRs data pro
vide substantial information for constraining most parameters. In nearly all cases, the posterior dis
tributions (in red) are considerably sharper and more concentrated than their corresponding 
wide priors (in grey), indicating a significant reduction in uncertainty after conditioning on the ob
served data.

(a) (b)

(c) (d)

Figure 2. Posterior predictive checks for age-specific fertility rates. Comparison of observed rates (purple open circles) 
with posterior predictions for four countries: (a) United States, (b) Colombia, (c) Dominican Republic, and (d) Peru. 
Red open circles indicate the mean of 5,000 posterior predictive simulations. Red shaded areas represent the 95% 
posterior predictive intervals. Parameters were estimated under Scenario 1 (ASFRs with weakly informative priors). (a) 
United States, (b) Colombia, (c) Dominican Republic, and (d) Peru.

12                                                                        Journal of the Royal Statistical Society Series A: Statistics in Society, 2026, Volume 00, Issue 0
D

ow
nloaded from

 https://academ
ic.oup.com

/jrsssa/advance-article/doi/10.1093/jrsssa/qnag045/8530591 by guest on 14 April 2026



Figure 3. Marginal posterior distributions of the 11 key model parameters for the United States, Colombia, Dominican 
Republic, and Peru, inferred from empirical data under Scenario 1.
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The degree to which parameters are constrained varies logically across the different components of 
the model. Parameters related to the timing of sexual initiation (μs, σs), the age-pattern of fecundabil
ity (β1, β2), desired family size (μd, σd), and contraceptive failure (κ) are all well-constrained, exhibiting 
sharp, unimodal posterior distributions. The posteriors also reveal plausible cross-national differen
ces. For example, the mean desired family size (μd) for the US cohort is lower than in the other three 
countries, as expected. Similarly, the contraceptive failure probability (κ) is estimated to be lowest in 
the United States, a finding that aligns with the socio-demographic context of these cohorts. In con
trast, parameters governing the timing between life-course events, like the gap to intentional 

Figure 3. Continued
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reproduction (δr) and the spacing between births (μb, σb), show higher posterior uncertainty. Their 
posteriors are wider and less distinguished from their priors, suggesting that while ASFRs alone are 
sufficient to identify the core components of the model, pinpointing the precise timing of intended fer
tility is more challenging without additional data on birth intentionality. However, it is important to 
note that this remaining uncertainty in specific parameters does not significantly degrade the model’s 
overall predictive performance, as evidenced by the successful posterior predictive checks (Figure 2). 
Finally, the estimation for these timing-related parameters improves substantially when direct infor
mation on birth intentionality is included, as shown in the results for Scenario 3 (see online 
supplementary material, Figure A3 in the Appendix).

5.3.1 Out-of-sample validation
To assess the model’s ability to generate realistic individual-level reproductive behaviours not directly 
used in parameter estimation, we use parameter values representative of the posterior distribution 
(specifically, the posterior mean obtained under Scenario 1, as described in Section 5.2) to drive 
new simulations. These simulations yield full synthetic reproductive histories. We then compare the 
distributions of key microlevel outcomes from these synthetic life courses, namely, age at first sexual 
activity, desired family size, and interbirth intervals, with their empirical counterparts derived from the 
survey data (Figure 4). This side-by-side comparison provides a direct appraisal of the model’s realism 
in capturing individual-level reproductive patterns.

5.3.1.1 Overall fit
Across the four countries and three microlevel indicators, the distributions generated from the mod
el’s synthetic life courses generally provide a strong approximation of the empirical distributions ob
served in the survey data. This indicates that the parameters inferred solely from aggregate ASFRs 
enable the reconstruction of distinct microbehavioural dimensions without any specific tuning to
wards these individual-level targets. We quantify the discrepancy between the simulated and empir
ical distributions using the Jensen–Shannon divergence (JSD). The JSD is a symmetric measure of 
similarity between two probability distributions, ranging from 0 (for identical distributions) to 1 (for 
fully disjoint distributions) when using the base-2 logarithm. Thus, values close to 0 indicate strong 
agreement between the model predictions and the observed data. With the notable exception of 
desired family size in Peru, the JSD between simulated and observed distributions never exceeds 
0.068 bits.

5.3.1.2 Age at first sex
The simulated distributions reproduce the overall shape and cross-country ordering of sexual debut: 
the mean age is highest in the United States and Peru, slightly lower in Colombia, and lowest in the 
Dominican Republic. The model naturally smooths over sharp heaping in the survey data (e.g. at age 
18), and for the United States, the predicted curve is displaced slightly to the left of the observed one. 
Even with these minor mismatches, the alignment is striking, given the relative simplicity of the model 
and of the data used for its estimation.

5.3.1.3 Desired family size
Overall, the simulated preferences closely match the shape of the observed distributions, reproducing 
the main peak around two to three children and the gradual taper into larger family ideals. A clear 
deviation appears at exactly two children, where the empirical data show a sharp bump (a clear out
come of strong social norms) that the model’s simple two-parameter form inevitably smooths over. A 
more significant discrepancy is observed for Peru, where the model’s predicted distribution is shifted 
to the left of the empirical one (JSD: 0.144 bits). This specific mismatch is consistent with the higher 
posterior uncertainty observed for the Peruvian cohort and may reflect underlying issues like lower 
data quality or greater-than-modelled heterogeneity in reproductive behaviour in this cohort. It is im
portant to note, however, that the alignment of these distributions improves substantially when add
itional information is incorporated (see online supplementary material, Figure A5 in the Appendix).
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5.3.1.4 Birth intervals
The synthetic data recover the principal spacing pattern: a broad peak around 2–3 years followed by a 
gradual decline towards longer gaps. The model undershoots the cluster of very short gaps and shows 
a slightly heavier tail beyond 5 years. Apart from these edges of the distribution, the match is close 
across the main mass of birth intervals.

6 Discussion
This study has introduced a simulation-based Bayesian framework capable of inferring complex 
individual-level reproductive behaviours solely from aggregate population data. By integrating a 
demographically interpretable individual-level simulation model with SNPE, we demonstrated that 
the core parameters governing the reproductive process can be recovered from age-specific fertility 
rates alone. While incorporating additional data (Scenario 3) serves to further reduce parameter esti
mation error, the use of informative priors (Scenario 2) yields variable improvements. Nonetheless, 

Figure 4. Validation on microlevel outcomes. Purple (dark) bars denote the observed survey distributions, while red 
(lighter) bars show the model-implied counterparts generated from posterior draws. Columns display key 
behavioural dimensions: age at first sex, desired family size, and birth interval, whereas rows correspond to each 
study cohort.

16                                                                        Journal of the Royal Statistical Society Series A: Statistics in Society, 2026, Volume 00, Issue 0
D

ow
nloaded from

 https://academ
ic.oup.com

/jrsssa/advance-article/doi/10.1093/jrsssa/qnag045/8530591 by guest on 14 April 2026



our findings show that the information contained in ASFRs alone provides a robust baseline estima
tion. The model’s ability to accurately reproduce observed fertility schedules, as confirmed by our pos
terior predictive checks, offers strong support for this conclusion. However, the most compelling 
validation of our approach lies in the model’s ability, using these inferred parameters, to accurately 
predict out-of-sample microlevel distributions for behaviours such as age at first sexual intercourse, 
desired family size, and birth intervals, none of which informed the original estimation. This estab
lishes a new, statistically rigorous bridge between macrolevel fertility observations and their under
lying microbehavioural drivers.

Methodologically, this work serves as an empirical demonstration of SNPE’s utility for parameter 
inference in interpretable, yet complex, social science simulation models where direct likelihood cal
culation is prohibitive. The ability to recover these parameters from a single, widely available data ser
ies like ASFRs offers transferable insights for simulation-based inference across other disciplines 
facing similar inverse problems. Substantively, our framework provides a novel toolkit for demogra
phers, enabling the estimation of behaviourally meaningful parameters (e.g. mean desired family 
size, age at intentional reproduction, and contraceptive failure rates) even in data-scarce contexts, 
thereby offering a mechanistic complement to traditional microdata analyses.

This capability to infer interpretable behavioural parameters has the potential to enhance popula
tion forecasting, moving beyond traditional methods that often rely on extrapolating aggregate trends 
or employ macrolevel parameters with limited behavioural grounding. One promising avenue opened 
by our approach is the generation of ‘behaviourally explicit population forecasts’ in which future scen
arios are constructed from hypothesized changes in these underlying, microlevel behavioural param
eters. Nevertheless, realizing this forecasting potential is likely to present a series of challenges and 
will require additional modelling and validation of how these behavioural parameters evolve over 
time. A complementary, statistical approach to incorporating individual-level information into fertility 
forecasting has been introduced by Ellison et al. (2024), who use a Bayesian parity-specific model com
bining survey birth histories with population-level fertility rates.

Crucially, by first distilling complex fertility dynamics into these more causally proximate behaviour
al components, our framework also facilitates a clearer understanding of how external covariates, 
such as education or economic conditions, shape reproductive outcomes. Machine learning models, 
for instance, may more effectively identify systematic relationships when predicting these interpret
able behavioural parameters rather than attempting to directly predict highly aggregated and con
founded ASFRs. This improved ability to model behaviour mechanisms provides more robust and 
theoretically sound inputs for scenario-based population projections. Furthermore, by reducing the 
data requirements for microsimulation, our framework makes the construction of ‘demographic digit
al twins’ a more accessible and feasible tool for policy exploration.

Despite these advances, the present framework has limitations that define important avenues for 
future development. First, the individual-level model, while behaviourally detailed, necessarily simpli
fies the complex dynamics of human reproduction. Second, the data generating process encoded by 
our model is suited to contemporary populations where reproduction is substantially decoupled from 
sexuality and where such articulable birth control decision-making is prevalent. This may limit its dir
ect applicability to contexts with more natural fertility regimes or where reproductive agency and in
tentions are structured differently. Third, the framework as presented assumes relatively 
homogeneous cohorts. Applying the model to highly heterogeneous populations where reproductive 
behaviour differs systematically by socioeconomic characteristics would likely require disaggregated 
input data. A final consideration is that while ASFRs provide a robust foundation for estimation, ap
plications that demand higher precision or focus on specific mechanisms may require online 
supplementary material, supplementary data that are not always easily available.

These limitations point toward several exciting directions for future work. First, strategies can be 
developed to enhance the precision and utility of the framework, particularly for analyses relying sole
ly on ASFRs. One important avenue is the incorporation of stronger, empirically-grounded priors on 
the key behavioural parameters, allowing researchers to leverage existing knowledge from demo
graphically similar populations. Another promising direction is the development of methods to gen
erate plausible online supplementary material, supplementary data; for instance, one could use the 
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learned associations between covariates (e.g. education and age) and birth intentionality from avail
able survey to produce plausible estimates in data-scarce contexts. A second major direction involves 
adapting the framework’s core structure to broaden its applicability and complexity. A key extension 
would be to explicitly model population heterogeneity. In the many contexts where data such as 
education-specific ASFRs are available, the framework could be adapted to infer distinct behavioural 
parameters for different subgroups. For populations closer to natural fertility, the model could be sim
plified to focus on a smaller set of parameters, while for contexts where Western notions of ‘un
planned’ births are less salient, research could explore identifying and incorporating alternative 
summary statistics that better reflect local modes of fertility regulation.
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