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A B S T R A C T

Preterm birth and very low birthweight (VP/VLBW) are associated with poorer health-related quality of life 
(HRQoL) outcomes extending into adulthood, yet it remains unclear how these effects differ across socio
demographic subgroups. This study aimed to identify heterogeneity in the association of VP/VLBW on HRQoL in 
early adulthood, specifically examining maternal age, education, and ethnicity. Individual-level data from three 
longitudinal cohorts within the Research on European Children and Adults Born Preterm Consortium were 
analysed, including adults born VP (< 32 weeks’ gestation) or VLBW (< 1500g), compared to term-born or 
normal birthweight controls. HRQoL was assessed using the Health Utilities Index Mark 3 (HUI3) at mean ages of 
18–26 years. Bayesian Causal Forest and Shrinkage Bayesian Causal Forest methodologies were employed to 
estimate conditional average treatment effects. Results indicated significant heterogeneity in the effects of VP/ 
VLBW birth on HRQoL by maternal age and education. Individuals born to mothers aged ≤25 years experienced 
the largest decrement in HUI3 scores (− 0.08; 95 % CI − 0.13, − 0.02), compared to minimal or no decrements for 
individuals born to mothers aged ≥26 years. Similarly, lower maternal education was associated with larger 
decrements (− 0.05; 95 % CI − 0.09, − 0.01), whereas high maternal education showed negligible impact (0.01; 
95 % CI − 0.04, 0.06). These findings highlight maternal sociodemographic characteristics as critical modifiers of 
VP/VLBW impacts on adult HRQoL, emphasizing the need for targeted health interventions for disadvantaged 
groups. Future research is warranted to examine whether modern neonatal care and changes in socioeconomic 
conditions can mitigate these HRQoL disparities across the life course.

1. Introduction

Very preterm birth (VP; < 32 weeks’ gestation) or having very low 
birthweight (VLBW; < 1500 g) are associated with increased mortality 

(Hovi et al., 2016; Parkinson et al., 2013; Cooper et al., 2009), adverse 
neurodevelopmental outcomes (Doyle et al., 2021; Pascal et al., 2018; 
Serenius et al., 2013), and greater socio-economic disadvantage 
extending into early to mid-adulthood (van der Pal et al., 2020; Lund 
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et al., 2012; Allen et al., 2010; Moster et al., 2008) compared with birth 
at term (≥37 weeks) or with normal birthweight (≥2500 g). Prematurity 
is a growing public health concern as increasing preterm birth rates 
coupled with improvements in survival rates place increased pressures 
on healthcare budgets worldwide (Beam et al., 2020; Petrou et al., 2019; 
Horvath et al., 2017) and impose broader social costs (Treyvaud et al., 
2014; Misund et al., 2014; Petrou, 2003; Petrou et al., 2001).

Preference-based health-related quality of life (HRQoL) measures are 
standardized, multidimensional health state classifications that include 
preference or utility weights derived from representative population 
samples. Among these measures, the Health Utilities Index Mark 3 
(HUI3) is a dominant measure due to its robust psychometric properties 
(Bolbocean et al., 2023; Kwon et al., 2023) and it is the most widely used 
preference-based HRQoL measure in children (Kwon et al., 2018, 2019, 
2022). Evidence from a recent meta-analysis of longitudinal prospective 
cohort studies indicates that VP/VLBW status is associated with a sig
nificant decrement in the HUI3 multi-attribute utility score of − 0.06 
(Bolbocean et al., 2022) since the minimally important difference (MID) 
for the HUI3 measure derived from empirical evidence is 0.03 (Samsa 
et al., 1999; Drummond, 2001; Grootendorst et al., 2000; Feeny et al., 
2002; Norman et al., 2003; Drummond et al., 2015; Brazier et al., 2017; 
Noto and Uemura, 2020). However, little is known about the hetero
geneity of effects of VP/VLBW status across different levels of socio
demographic factors and socioeconomic status (SES), the latter 
understood as a holistic construct that includes the following markers: 
parental education, income, and type of employment/occupation 
(Linsell et al., 2015).

Lower SES is a well-documented risk factor for preterm birth 
(Wallace et al., 2016). Research from the past two decades underscores 
that socioeconomic pathways are deeply intertwined with both the 
occurrence of preterm birth and the outcomes that follow. Maternal 
stress, inadequate prenatal care, and poor nutrition are key SES-related 
factors that increase the risk of preterm birth (Dolatian et al., 2018). 
These same factors (and the broader SES context they represent) 
contribute to differential decrements in HRQoL for those born preterm 
with pronounced effects on physical health, cognitive/mental develop
ment, and social functioning (Kim et al., 2023). However, not all pre
term infants are exposed to the same level of adversity; those born the 
most preterm or with medical complications and those from more 
disadvantaged backgrounds tend to have greater long-term impairments 
in HRQoL, whereas preterm children with fewer neonatal complications 
and from more affluent families tend to fare better (Call et al., 2024; 
Brumbaugh et al., 2025). Identifying these SES-related pathways and 
their impact on life-course outcomes has important implications: it 
suggests that improving access to prenatal care, reducing maternal stress 
(through economic and social support), and ensuring adequate nutrition 
for pregnant women could not only reduce the incidence of preterm 
birth but also improve the health and HRQoL of preterm infants as they 
mature. Addressing socioeconomic disparities is seen as vital to 
improving physical, mental, and social outcomes for those born preterm.

Significant educational and racial ethnic disparities in preterm and 
low birthweight births have been documented in high-income countries 
(Fuchs et al., 2018; Tamura et al., 2018; Echevarria and Lorch, 2022). 
Parental education is a component of parental SES and is the single best 
predictor of academic and cognitive outcomes (Linsell et al., 2015; 
Madzwamuse et al., 2015; Benavente-Fernandez et al., 2019) in 
preterm-born children. SES is itself a transgenerational transmission 
mechanism to children (Wolke, 2019). For example, poorer maternal 
education is associated with poorer health behaviour before and during 
pregnancy, and beyond (Wolke, 2019; D’Souza et al., 2020); low 
parental education is not only associated with more disadvantage in 
housing, income, occupation, and neighborhood quality, but also with 
poorer access to high-quality education (Linsell et al., 2015; Wolke, 
2019; D’Souza et al., 2020). While education is only a crude proxy for 
economic well-being (Braveman et al., 2001; Adler and Rehkopf, 2008), 
ethnicity (Williams et al., 2010; Bhatti et al., 2013), and age 

(McMaughan et al., 2020) are frequently used as indirect proxies for 
socioeconomic factors in health services research. To the extent that our 
included variables proxy for these broader socioeconomic factors, our 
estimation approach will allow us to capture heterogeneity in the effects 
of pre-term/VLBW birth on HRQoL attributable to these factors. Data 
limitations prevent us from considering these factors directly.

It remains unclear whether the impact of preterm birth on health- 
related quality of life (HRQoL) in early adulthood is more adverse for 
certain subgroups or mitigated in others—that is, whether the effect 
varies across proxies for socioeconomic status such as maternal educa
tion, age, or race/ethnicity. The value of analysing heterogeneous effects 
to support clinicians and decision makers has long been acknowledged, 
yet studies still mainly focus on associations or average treatment effects 
(Beam et al., 2020; Petrou et al., 2001, 2019; Horvath et al., 2017; 
Treyvaud et al., 2014; Misund et al., 2014; Petrou, 2003; Bolbocean 
et al., 2022). To address this when analysing the impact of VP/VLBW 
status on preference-based HRQoL outcomes, we report effect hetero
geneity for subgroups categorised by markers of parental SES in addition 
to previously published results of effects (Bolbocean et al., 2022).

For the evaluation of heterogeneous effects, several theoretical 
frameworks have been suggested (Imai and Ratkovic, 2013; Grimmer 
et al., 2017; Hainmueller et al., 2019; Hu, 2023). However, each 
framework has its limitations. Traditional parametric methods that 
employ interaction terms provide a direct way to estimate heteroge
neous treatment effects. However, these methods are limited because of 
the interdependence of variables, especially when several interaction 
terms are used. This issue can reduce the usefulness of the analysis (Elek 
and Bíró, 2021). The robustness of results obtained from interaction 
analysis can be compromised by model mis-specification (Hainmueller 
et al., 2019; Hu, 2023; Baranger et al., 2023). Subgroup analysis is prone 
to producing spurious findings (Assmann et al., 2000; Cook et al., 2004; 
Steyerberg, 2009) due to its tendency to be underpowered (Hainmueller 
et al., 2019; Petticrew et al., 2012) and its susceptibility to misinter
pretation of random variation as significant treatment effects (Rothwell, 
2005; Xie et al., 2012; Beckr et al., 2013; Davis and Heller, 2017).

Random Forest methods, that combine multiple decision trees are a 
popular machine learning method for predicting outcomes and have 
been shown to perform well in a range of settings. Decision trees 
recursively split the data such that individuals within groups defined by 
the splits are as similar as possible in terms of outcomes, while being as 
different as possible from those in other groups (Breiman, 2001).

Causal forests (CF) extend this approach to the task of causal infer
ence, by considering splits that maximise heterogeneity of effect esti
mates, rather than outcomes (Wager and Athey, 2018). An attractive 
feature of forest-based methods is that recursive splitting allows for 
complex non-linearities without requiring the researcher to predeter
mine any functional form (Wager and Athey, 2018). To avoid overfitting 
and ensure valid confidence intervals, causal forests employ a technique 
known as “honesty” or cross-fitting, which keeps the data used to 
construct the tree (i.e. the splits) separate from the data used to estimate 
treatment effects (Wager and Athey, 2018; Athey and Imbens, 2016). 
The CF approach has been successfully applied in a range of 
fields—including healthcare decision making—to identify which pa
tients stand to benefit most (or least) from particular interventions (Xie 
et al., 2012; Beckr et al., 2013; Jin et al., 2019; Bonander and Svensson, 
2021; Sadique et al., 2022). In this analysis, we utilize the Bayesian 
Causal Forest (BCF)(Hahn et al., 2020) with its separate priors for reg
ularization, alongside the Shrinkage Bayesian Causal Forest (SBCF) 
(Caron et al., 2022), which addresses the BCF’s use of potentially sub
optimal uniform splitting probabilities.

The primary objective of this study was to assess heterogeneity in the 
association between VP/VLBW birth and preference-based HRQoL out
comes in early adulthood, by pooling harmonized data from three pro
spective longitudinal birth cohort studies using Bayesian Causal Forest 
approaches. Specifically, we aimed to examine how this association 
varies with respect to key sociodemographic covariates, including 
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maternal education, maternal age, and ethnicity.

2. Methods

2.1. Data

For inclusion in this analysis, prospective cohort studies were 
required to (1) have measured self-reported HRQoL in adulthood 
(defined as age ≥18 years (Arnett, 2015) of individuals born VP/VLBW 
using the HUI3; (2) included a comparison control group of term-born or 
normal birthweight individuals, and (3) contributed data to the 
Research on European Children and Adults Born Preterm (RECAP) 
Consortium (www.recap-preterm.eu), a database of cohorts of in
dividuals born VP/VLBW. Eligible cohorts were identified by a system
atic review studies of preference-based HRQoL outcomes following 
preterm birth or low birthweight (Petrou et al., 2020). The review 
identified three cohorts that measured HRQoL using the HUI3 in 
adulthood of individuals born VP/VLBW and a comparison group: The 
Bavarian Longitudinal Study (BLS) with birth years 1985-198641, The 
Victorian Infant Collaborative Study (VICS) with birth years 1991–1992 
(Doyle et al., 2015) and the EPICure Study with birth year 1995 (Linsell 
et al., 2018). Included studies were designed to investigate the impact of 
VP/VLBW status on health and developmental outcomes (Darlow et al., 
2020) and had received country-specific ethical reviews along with 
parental consent at birth and participants’ written informed consent in 
adulthood.

This study uses records from the start of data collection (birth/ 
antenatal) up to the most recent assessments in early adulthood (BLS at 
26 years, VICS at 18 years, and EPICure at 19 years) for the main ana
lyses. Table 1 details the background characteristics of the samples in 
each cohort, including eligibility criteria for VP/VLBW, at term or 
normal birthweight controls, age(s) of assessment in adulthood and the 

composition of control groups. Additional details for each study can be 
found in published research as follows: BLS (Madzwamuse et al., 2015), 
VICS (Doyle et al., 2015), and EPICure (Linsell et al., 2018). Harmoni
zation dictionaries were developed to guide harmonization of all vari
ables analysed and available at https://recap − preterm.eu/or could be 
found in the Supplementary Material.

2.2. Outcome variables

This study examined the HUI3 multi-attribute utility score as the 
outcome of interest. Study participants in the BLS, VICS and EPICure 
cohorts completed the Health Utilities Index 15-item questionnaire for 
usual health status assessment, which was obtained from the Health 
Utilities Index developers and covers the HUI3 health status classifica
tion system. The HUI3 was developed to describe HRQoL in general 
population and clinical contexts, and comprises eight attributes: 
ambulation, dexterity, cognition, vision, hearing, speech, emotion, and 
pain (Furlong et al., 1998, 2001; Feeny et al., 1995). The level of 
function within each attribute is scored on a 5- or 6-point scale ranging 
from normal/optimal function to severe impairment. Responses are 
mapped onto an eight-attribute health status vector. Algorithms 
reflecting the preferences of the general public for the HUI3 health states 
can be used to convert responses to the measure’s eight attributes into 
multi-attribute utility scores. We applied the Canadian algorithms 
(Furlong et al., 1998, 2001; Feeny et al., 1995; Torrance et al., 1996) 
that have been most widely used in the health economics literature 
(Kwon et al., 2022; Noto and Uemura, 2020; Horsman et al., 2003) and 
research has shown that using different national weights may not 
drastically change the relative ordering of health states or treatment 
effects (Noto and Uemura, 2020). For example, UK and Canadian pop
ulations have valued health states similarly, meaning that while abso
lute utility values shifted slightly, the consistency in the direction and 
rank of results remained intact (Fang et al., 2016; Achana et al., 2022; 
Audhya et al., 2023).

Many utility measures have utility scales that include negative 
ranges (Kwon et al., 2022). The Canadian value set generates HUI3 
multi-attribute utility (HUI3 MAU) scores that can span from − 0.36 
(theoretical minimum value on the utility scale range) to 1.0 repre
senting optimal health (theoretical maximum) (Feeny et al., 1995, 2002; 
Torrance et al., 1996). Death is represented by 0.0, and a negative HUI3 
score does not necessarily mean an individual personally regards their 
state as worse than death, but rather that in population-level valuation 
exercises, the average societal preference weight for some combination 
of severe functional losses are considered worse than death. For 
example, this includes states like total dependency or permanent tubes 
(Rubin et al., 2016), advanced dementia, inability to communicate, so
cial isolation (Auriemma et al., 2022), constantly depressed, severely 
cognitively impaired, extreme or excruciating pain have been valued as 
worse than death (Feeny et al., 1995, 2002; Torrance et al., 1996).

The MID for HUI3 MAU scores derived from empirical studies is 
0.0324− 31, consequently a difference of ≥0.03 is considered clinically 
significant from a population based perspective. The mean age at 
assessment varied across the BLS, VICS, EPICure cohorts (18–26 years). 
Additional details can be found in Table 1.

2.3. Main exposure

The main independent variable in this study was an indicator for VP 
or VLBW birth, i.e. whether an individual was born < 32 weeks’ 
gestation or < 1500 g.

2.4. Covariates

Independent variables incorporated into the analysis were: in
dividual’s sex (male (referent)), age at assessment (measured in years), 
and mother’s education (low level, medium level and high level) as 

Table 1 
Summary statistics of background characteristics of cohorts.

BLS (Germany) VICS (Australia) EPICure 
(UK&Ireland)

VPT/ 
VLBW

Controls EP/ 
ELBW

Controls EP Controls

Number 
completing 
MAUI

231 224 186 137 110 62

Age at 
assessment 
(years) 
Mean (SD)

26.3 
(0.68)

26.3 
(0.69)

17.9 
(0.78)

18.1 
(0.88)

19.3 
(0.56)

19.2 
(0.54)

GA at birth 
(weeks), 
Mean (SD)

30.6 
(2.2)

39.7 
(1.2)

26.7 
(2.1)

39.2 
(1.4)

24.5 
(0.7)

N/A

Birth weight 
(gr), Mean 
(SD)

1330 
(320)

3360 
(448)

887 
(155)

3419 
(468)

746 
(119)

N/A

Sex, n (%) 
male

125 
(54.1)

105 
(46.9)

84 
(45.2)

60 (43.8) 51 
(46.4)

23 
(37.1)

Study Name Bavarian 
Longitudinal Study

Victorian Infant 
Collaborative Study

EPICure

Birth Year 1985–1986 1991–1992 1995
Eligibility 

Criteria 
VP/VPBW

VPT\VLBW 
(GA<32wk or BW 
< 1500g)

EPT\ELBW 
(GA<28wk or BW 
< 1000g)

EPT (GA<26wk)

Controls Recruited in the 
same obstetric 
hospitals.

Normal birth 
weight, 
contemporaneously 
recruited.

Recruited at school 
age.

Notes: VP = Very Preterm (<32 weeks), VLBW = Very Low Birth Weight 
(<1500 g birth weight), EP = Extremely Preterm (<26 weeks for EPICure and 
<28 weeks for VICS), ELBW = Extremely Low Birth Weight (<1000 g birth 
weight). NA = Not applicable/measurement not administered, MAUI – multi- 
attribute utility index. GA - gestational age.
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previous literature has revealed that these factors affect HRQoL among 
preterm-born individuals (van Lunenburg et al., 2013; Saigal et al., 
2006). Maternal educational level was harmonized according to the 
International Standard Classification of Education (ISCED) into low 
(ISCED levels 0–2), medium (ISCED levels 3–5), and high (ISCED levels 
68) (UNESCO Institute for Statistics, 2012). Low maternal education was 
a referent category in all models. The subgroups analysed included 
maternal age at birth (categorised into ≤25 years, 26− 30 years, and ≥31 
years) and maternal ethnicity (White (referent), and non-White). This 
age categorization was chosen to balance subgroup sizes and ensure an 
adequate number of participants in each group.

We additionally accounted for possible cohort effects using indicator 
variables for each cohort. In addition to the covariates mentioned above, 
the eligibility criteria for each cohort, as described in Table 1, indicate 
that cases and controls in the BLS and VICS cohorts were contempora
neously recruited from the same hospitals. Controls for the EPICure 
study were recruited from the same schools as the cases. Thus, our 
models implicitly control for the contextual and environmental factors 
associated with hospital and school settings within each cohort, 
reducing potential confounding effects related to differences in health
care access as well as educational environments. This approach ensures 
a more accurate comparison of outcomes between cases and controls 
within each setting.

In addition to the covariates used in the adjusted analysis, the 
eligibility criteria applied within BLS, VICS, and EPICure inherently 
controlled for contextual and environmental factors associated with 
neighborhood, hospital, or school-level effects. This implicit control 
further mitigates unmeasured confounding linked to the different set
tings from which participants were recruited.

3. Statistical analysis

We used frequency distributions, and measures of central tendency 
and dispersion, such as means and standard deviations to describe the 
characteristics of study participants. We compared the balance of 
covariates across the VP/VLBW and controls using Student t-test for 
continuous variables, and Pearson’s chi-squared test for categorical 
variables across the following variables: age group, sex, maternal edu
cation, maternal ethnicity, maternal age at birth, and outcome variables. 
The HUI3 multi-attribute utility score was the main outcome of interest 
in all analyses performed.

CF methods are a generalization of the random forest (Breiman, 
2001) tailored to the estimation of treatment effects. Where not all 
confounders are observed, the method provides robust estimates of as
sociation that are less dependent on model specification. Below we refer 
to “effects” rather than robust “associations” as this terminology is more 
common in the literature.

3.1. Random forests and causal forests

A random forest comprises an ensemble of decision trees that 
recursively split the dataset based on the response variable such that 
individuals within groups defined by the splits are as similar as possible 
in terms of outcomes, while being as different as possible from those in 
other groups (Breiman, 2001). Recursive splitting continues until a set 
stopping criterion (e.g. a minimum number of observations within a 
group) is met. This procedure is repeated multiple times over random 
data subsets, which mitigates the risk of overfitting that plagues single 
decision trees.

The utilization of random forests has been popular in economics, 
health, and environmental science due to their robust predictive capa
bilities and their robustness to potential confounding effects (Nie and 
Wager, 2021). Comparative studies have demonstrated that random 
forests can yield comparable or superior predictions relative to tradi
tional methods such as ordinary least squares (Dandl et al., 2022). This 
advantage stems from the model’s flexibility in handling both linear and 

non-linear relationships and intricate inter-variable interactions, all 
without the need for predefined model structures.

Analogously to decision trees and random forests, causal trees and 
causal forests have been proposed that estimate expected differences in 
outcomes between groups (e.g. treatment effect estimates) rather than 
predicted outcomes. Causal trees are built recursively by splitting ob
servations where sample splits are formed such that there are ‘treated’ 
and ‘control’ observations in each ‘leaf’ of the tree and such that esti
mated treatment effect is as homogenous as possible within a leaf, and as 
different as possible between leaves. A causal forest is an ensemble of 
causal trees fitted to random subsets of the data to increase the robust
ness of estimates, analogously to random forests being an ensemble of 
decision trees.

3.2. Bayesian Causal Forests

Here, we instead apply the BCF (Caron et al., 2022) which estimates 
effects building on Bayesian Additive Regression Trees (BART) in place 
of decision trees, which has been shown to perform well in estimating 
conditional expectations, in place of the random forests underlying 
Causal Forest. The outcome (Yi) can be expressed as: 

Yi = μ(Xi, π(X̃i))+ τ(Wi)Ti + ϵi,

where μ is the prognostic (baseline outcome) model depending on 
covariates Xi and the propensity score π for the treatment Ti is repre
sented by π(x̃i) = P(Ti = 1|X̃i = x̃i), and τ(Wi) is the moderating 
(treatment effect) component that depends on modifiers Wi and X̃i are 
the covariates influencing treatment assignment (Ti). Separate priors can 
be placed on the prognostic score μ(⋅) and on CATE τ(⋅) directly, which 
determine the probability of each variable being split by a tree. In BCF, a 
default prior is used for the prognostic score, while a stronger regula
rization is used for the CATE, under the assumption that the effect 
structure is less complex than the equation determining outcomes. This 
is achieved by assigning higher probability mass to simpler trees than 
deeper trees (Caron et al., 2022). The default version of BART (and 
hence BCF) places a uniform distribution on the splitting variable, 
meaning that each predictor has an equal chance of being used as a 
splitting variable.

3.2.1. Shrinkage Bayesian Causal Forests
The SBCF extends this approach by incorporating Dirichlet priors 

over the splitting probabilities, in addition to the priors described above. 
This induces sparsity in the estimation of prognostic and moderating 
effects, with the level of sparsity controlled by hyper-parameters αμ and 
ατ, with lower values of α implying fewer variables will tend to be 
included in the corresponding model (μj(⋅) or τj(⋅)). Posterior splitting 
probabilities can be intuitively viewed as a measure of the variables’ 
importance (Breiman, 2001; Caron et al., 2022). While the estimates 
obtained using BCF and SBCF methods have a causal interpretation, 
provided the assumption of selection on observables holds (i.e. all 
relevant confounders are observed), so we view this approach as 
providing more robust measures of association rather than causal 
effects.

After estimating τ(Wi) i.e. the ‘effects’ of VP/VLBW for each indi
vidual, we estimated conditional average treatment effects (CATEs) for 
our pre-specified subgroups by aggregating the estimated individual- 
level treatment effects of group average VP/VLBW (Kreif et al., 2022). 
The factors considered to influence heterogeneity in τ(Wi) were 
informed by relevant literature (Bolbocean et al., 2022; van Lunenburg 
et al., 2013; Saigal et al., 2006) and clinical judgement. We considered 
the following pre-specified subgroup variables: sex (male, female), 
maternal education (low, medium, high), maternal ethnicity (White, 
non-White), and maternal age group (≤25), 26–30, ≥31. We also 
considered maternal education as a binary variable, distinguishing be
tween high or medium levels of education versus low maternal 
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education. Analyses were conducted in the statistical package R (Version 
4.3.2).

3.2.2. Implementation of causal forest approaches
We estimate the BCF and SBCF Forest using the SparseBCF package 

(Caron et al., 2022) in R as follows: 

1. We restrict the sample to complete cases.
2. We next estimate a propensity score for each individual as a function 

of their covariates. While we could estimate this using a parametric 
model (e.g., probit), here we follow Caron et al. (2022) (Caron et al., 
2022) in using a 1-hidden-layer neural net (the nnet package) in R. 
We include 10 neurons in the hidden layer. We set the parameter for 
weight decay (decay) to 0.01 to avoid over-fitting, increase the 
maximum number of iterations (maxit) from 100 to 2000, and reduce 
the stopping criterion (abstol) from 1.0e-4 to 1.0e-8.

3. We estimate the BCF using the SparseBCF package (Version 1.2), but 
set the option sparse = FALSE. This models both the outcome as a 
function of the covariates, treatment, and the propensity score. We 
use the default hyperparameters, except for setting Nburn, which 
controls the number of burn-in Markov chain Monte Carlo (MCMC) 
iterations, to 2000, and Npost, which controls the number of MCMC 
iterations, to 10,000 and nsim which controls the number of MCMC 
iterations to save after burn-in, to 5000.

4. We then estimate the SBCF using the same function but with sparse 
= TRUE.

5. The posterior draws of ̂τ(x) are averaged to obtain an effect estimate 
for each individual or subgroup. A (1 − α)% credible interval is ob
tained by calculating the upper α/2 and lower α/2 quintiles of the 
posterior draws.

4. Results

4.1. Baseline characteristics

Table 1 details the background characteristics of each cohort, 
including eligibility criteria, and age(s) of assessment in adulthood. 
Table 2 shows the baseline characteristics by VP/VLBW birth status for 
the combined meta-cohort. Differences between groups in baseline 
characteristics were observed for the following variables: maternal ed
ucation level at birth or during childhood and age at assessment. The 
mean HUI3 multi-attribute utility score was 0.90 for the controls and 
0.84 for the VP/VLBW adults and medians in HUI3 multi-attribute 
utility scores were 0.93 for controls vs 0.91 for VP/VLBW adults. Re
sults show that there were no statistically significant differences be
tween groups in child sex (p-value = 0.13), and maternal ethnicity (p- 
value = 0.06), at the 5 % level of significance.

4.2. Heterogeneity of VP/VLBW effects in HUI3 multi-attribute utility 
scores by predefined subgroups

Table 3 shows the CATE for each subgroup estimated using BCF and 
SBCF outputs combined. The results from both BCF and SBCF methods 
revealed highly similar patterns of association. As expected, the SBCF 
generally provided estimates with greater precision, though this 
improvement was modest in our analysis. The evidence shows that the 
impact of VP/VLBW status on HUI3 MAU scores differs across the sub
groups considered. The effect of VP/VLBW status varied by maternal age 
and maternal education. In particular, the effect ranges from − 0.08 (95 
% CI − 0.13,− 0.02) for individuals born to mothers ≤25 years to 0.01 
(95 % CI − 0.04,0.06) for the individuals born to mothers with high 
education. Across all subgroups considered, except for individuals born 
to mothers with high education, the effect of VP/VLBW individuals on 
HUI3 multi-attribute utility scores is negative. VP/VLBW individuals 
born to the youngest mothers (≤25 years) were found to have a decre
ment of − 0.08 in HUI3 multi-attribute utility scores, while those born to 

mothers aged 26–30 years and ≥31 years had decrements of − 0.02 (95 
% CI − 0.05,0.01) and − 0.03 (95 % CI − 0.06,0.00), respectively. We 
found a decrement of − 0.05 (95 % CI − 0.09,− 0.01) for VP/VLBW in
dividuals born to mothers with the lowest educational level (ISCED 
levels 0–2), a decrement of − 0.04 (95 % CI − 0.08,0.00) for those born to 
mothers with a medium level of education (ISCED levels 3–5), and an 
increment of 0.01 (95 % CI − 0.04,0.06) for those born to mothers with 
high education (ISCED levels 6–8) (UNESCO Institute for Statistics, 
2012). There was little difference in the decrements in preterm in
dividuals for those born to white mothers and those born to non-white 
mothers.

Consistent with selection criteria across participating cohorts, the 
effect of VP/VLBW status in the EPICure cohort was the largest 
compared with the BLS or VICS cohorts. This is consistent with selection 
criteria given that the EPICure Study had selected infants with ≤26 
weeks’ gestation. These findings highlight the importance of considering 
subgroup-specific characteristics when assessing the impact of preterm 
birth or low birthweight. However, the effect estimates provide limited 
evidence of variation in effects, with the confidence intervals of the 
subgroup effect estimates including the previously reported overall ef
fect (− 0.06) (Bolbocean et al., 2022) in most cases.

Fig. 1 shows that the SBCF had high and moderately uniform prob
ability of splitting on each variable, with no variable having a splitting 
probability close to zero, which implies that all of the variables incor
porated in our analyses are relevant.

5. Discussion

This is the first study to use novel machine learning methods to study 

Table 2 
Summary statistics of demographic characteristics of study participants.

VP/VLBW Controls P-value Missings/N 
(Pct)

N(%) 527 (55.5) 423 (44.5) ​ 0/950 
(0.00)

Age at QoL assessment 
(years), mean (SD)

21.9 (4.0) 22.6 (4.0) 0.01 7/950 (0.7)

Child sex, N(%)
Male 260 (49.3) 188 (44.4) ​ ​
Female 267 (50.7) 235 (55.6) 0.13 0/950 

(0.00)
Gestational age (weeks), 

mean (SD)
27.9 (3.14) 39.5 (1.30) <0.001 62/950 

(6.53)
Birth weight (gr), mean 

(SD)
1052 (345) 3382 (456) < 0.001 62/950 

(6.53)
Maternal age at birth 

(years), mean (SD)
29.1 (5.2) 29.5 (4.6) 0.29 64/950 

(6.74)
Maternal education level at birth or during childhood, N(%)

Low level (equivalent 
to ISCED 0 to 2)

129 (29.7) 108 (31.1) ​ ​

Medium level 
(equivalent to ISCED 
3 to 5)

254 (58.5) 165 (47.6) ​ ​

High level 
(equivalent to ISCED 
6 to 8)

51 (11.8) 74 (21.3) < 0.001 169/950 
(17.79)

Maternal ethnicity, N(%)
White 475 (92.8) 343 (95.8) ​ ​
Non-White 37 (7.2) 15 (4.2) 0.06 80/950 

(8.42)
HUI3 MAU score, mean 

(SD)
0.84 (0.21) 0.90 (0.14) < 0.001 0/950 

(0.00)
HUI3 MAU score, 

median (min; max)
0.91 
(− 0.13; 
1.00)

0.93 (0.10; 
1.00)

< 0.001 0/950 
(0.00)

Notes: Age of assessment was measured in years, BLS - Bavarian Longitudinal 
Study, VICS - Victorian Infant Collaborative Study, EPICure - EPICure Study. VP/ 
VLBW – very preterm or very low birth weight. ISCED - International Standard 
Classification of Education. QoL – quality of life. HUI3 MAU – Health Utility 
Index Mark 3, multi-attribute utility score.
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heterogeneity in the impact of VP/VLBW status on preference-based 
HRQoL outcomes in early adulthood, leveraging the power of causal 
forest models to examine how different patient demographics respond to 
VP birth or VLBW. This study introduces a comparative analysis between 
BCF and SBCF methods, highlighting the latter’s advantage in providing 
estimates with greater precision around VP/VLBW effects, although the 
gain was small overall here given that we included a small number of 
explanatory variables and these were all deemed to be relevant a priori. 
The novelty lies in the granular examination of the effect of VP/VLBW 
status across various maternal age subgroups and educational levels, as 
well as ethnic subgroups. The findings reveal variations in preference- 
based HRQoL outcomes, which have not been thoroughly explored in 
previous research. Additionally, the use of SBCF represents a method
ological advancement that can enhance the precision of future studies in 
this area. Our study contributes to the growing literature which high
lights the value of CF models in health research by examining hetero
geneity across groups of individuals (Duong et al., 2024). Furthermore, 
our study shows how BCF and SBCF enable researchers to explore how 
maternal socio-demographic factors or clinical factors modify long-term 
outcomes and the utility of the BART (Caron et al., 2022; Kokandakar 
et al., 2023).

Our analysis revealed differences across maternal age and maternal 
education subgroups. The effect size of − 0.08 for the youngest mothers 
(≤25 years) shows a large negative effect compared with older mothers 
as it is greater than the MID for HUI3 MAU scores of 0.03. Furthermore, 
we found a decrement of − 0.05 for VP/VLBW individuals born to 
mothers with the lowest educational level (ISCED levels 0–2). Further
more, mothers with low education and young mothers are less likely to 
be married or to be of high socio-economic status. By contrast, we found 
that individuals born to mothers with higher education or older mothers 
had only a slight decrement in HUI3 multi-attribute utility scores 
compared with term-born or normal birthweight controls. This suggests 
that maternal socio-economic factors are likely to play a crucial role in 
determining HRQoL outcomes among VP/VLBW individuals that extend 
into adulthood.

Our findings are broadly consistent with previous systematic re
views, which identified that higher levels of maternal education are 
associated with higher multi-attribute utility scores, including in 
adulthood (van der Pal et al., 2020; Petrou et al., 2019). In fact, the 
differences in HUI3 multi-attribute utility scores between with mothers 
with low versus high education are of a similar quantum to being born 
VP/VLBW versus being born at term. This has previously been shown for 
differences in functional outcomes such as intelligence (Wolke, 2019; 
Eves et al., 2021).

Our study extends the previous research on methodological grounds 
by using novel machine learning methods designed to identify and es
timate the effect of VP/VLBW by sociodemographic covariates. As far as 
we are aware this has not been done previously in this context. Overall, 
our findings suggest that high socioeconomic status might be a protec
tive factor because we found that amongst individuals born to mothers 
with high education the effect of VP/VLBW status was almost zero, 
while amongst individuals born to mothers with low education the effect 
was more negative. This is consistent with an earlier study that found 
that high maternal education and higher SES serve as protective factors 
for VP/VLBW individuals (Bolbocean et al., 2022). Previous research 
that examined cognitive outcomes and compared those born at high risk, 
i.e. VP/VLBW with those born at term found that high SES was a pro
tective factor amongst both VP/VLBW individuals and term-born chil
dren and adults (Madzwamuse et al., 2015; Benavente-Fernandez et al., 
2019). The protective effect is also evident in socioeconomic outcomes 

Table 3 
Bayesian causal forest and sparse Bayesian causal forest.

Subgroup N CATEBCF 95 % 
CIBCF

CATESH− BCF 95 % 
CISH− BCF

Age of 
Assessment ≤
20

467 − 0.04 − 0.08, 
0.00

− 0.04 − 0.08, 0.01

Age of 
Assessment >
20 and ≤ 25

21 − 0.09 − 0.19, 
0.00

− 0.01 − 0.21, 
− 0.01

Age of 
Assessment >
25

455 − 0.03 − 0.07, 
0.00

− 0.03 − 0.07, 0.00

VICS 323 − 0.01 − 0.06, 
0.03

− 0.01 − 0.06, 0.03

BLS 455 − 0.03 − 0.07, 
0.00

− 0.03 − 0.07, 0.00

EPICure 172 − 0.08 − 0.15, 
0.00

− 0.08 − 0.15, 0.00

Male 448 − 0.03 − 0.07, 
0.00

− 0.03 − 0.07, 0.00

Female 502 − 0.04 − 0.08, 
0.00

− 0.04 − 0.08, 0.00

Maternal 
Education Low

237 − 0.05 − 0.09, 
0.00

− 0.05 − 0.09, 
− 0.01

Maternal 
Education 
Medium

419 − 0.04 − 0.08, 
0.00

− 0.04 − 0.08, 0.00

Maternal 
Education High

125 0.01 − 0.04, 
0.06

0.01 − 0.04, 0.06

Maternal 
Education 
Medium or 
High

544 − 0.03 − 0.06, 
0.00

− 0.03 − 0.06, 0.00

White 818 − 0.04 − 0.07, 
0.00

− 0.04 − 0.07, 0.00

Non-White 52 − 0.03 − 0.10, 
0.04

− 0.03 − 0.10, 0.03

Maternal Age ≤
25

200 − 0.07 − 0.12, 
− 0.01

− 0.08 − 0.13, 
− 0.02

Maternal Age 
26–30

324 − 0.02 − 0.06, 
0.01

− 0.02 − 0.05, 0.01

Maternal Age ≥
31

362 − 0.03 − 0.06, 
0.00

− 0.03 − 0.06, 0.00

Notes: CI- credible intervals. Age of assessment was measured in years, BLS - 
Bavarian Longitudinal Study, VICS - Victorian Infant Collaborative Study, 
EPICure - EPICure Study. 95%CIBCF - 95 % credible intervals for BCF. CATEBCF - 
conditional average treatment effect estimated using Bayesian Causal Forest; 
95%CISH− BCF - 95 % credible intervals for SH-BCF. CATEHS− BCF - conditional 
average treatment effect estimated using Shrinkage Bayesian Causal Forest.

Fig. 1. Probability Splitting Graph. 
Notes: CATEBCF - conditional average treatment effect estimated using Bayesian 
Causal Forest; CATEHS− BCF - conditional average treatment effect estimated 
using Shrinkage Bayesian Causal Forest. 1st predictor - BLS cohort, 2nd - 
EPICure cohort, 3rd - age of assessment, 4th - indicator for sex, 5th - maternal 
age in years, 6th - indicator for white mother, 7th - indicator for medium 
maternal education, 8th - indicator for high maternal education.
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in a Canadian study which noted that preterm-born individuals from 
higher-income families had smaller income deficits in adulthood than 
those from low-income families (Ahmed et al., 2024).

Our findings underscore the profound influence of the social gradient 
on long-term health outcomes following VP/VLBW birth (Marmot et al., 
2010; Wong and Edwards, 2013; Bilsteen et al., 2022). The observed 
heterogeneity, particularly the protective association of higher maternal 
education, aligns with established social determinants of health frame
works, which posit that education influences health through multiple 
mechanistic pathways (Marmot et al., 2010; Marmot, 2005; Cutler and 
Lleras-Muney, 2010; Braveman and Gottlieb, 2014; Zimmerman et al., 
2015). These include improved health literacy, better access to and 
navigation of healthcare systems, enhanced economic resources leading 
to better nutrition and living conditions, and potentially reduced 
exposure to chronic stress (Benavente-Fernandez et al., 2019; Bilsteen 
et al., 2022). For VP/VLBW individuals, whose development can be 
more vulnerable to environmental exposures, the resources and stability 
associated with higher maternal SES may be particularly crucial for 
mitigating long-term health deficits (Benavente-Fernandez et al., 2019; 
Braveman and Gottlieb, 2014; McHale et al., 2024).

These findings suggest the need for targeted health interventions for 
VP/VLBW individuals born to younger mothers and those with lower 
educational levels, as they are at a higher risk of poorer HRQoL out
comes in early adulthood than those born to older mothers and with 
higher educational levels (Saigal et al., 2000; Currie and Hyson, 1999). 
Our results underscore the importance of addressing the social de
terminants of health that influence outcomes in this vulnerable popu
lation (Benavente-Fernandez et al., 2019; Braveman and Gottlieb, 2014; 
McHale et al., 2024; Case et al., 2002). Improved maternal education 
and socioeconomic status are associated with better access to resources 
(including healthcare and educational support), healthier environments, 
enhanced health literacy, and greater capacity to support a child’s 
development, all of which can act as protective factors mitigating the 
long-term impacts of VP/VLBW birth on HRQoL. Thus, policies and 
programs aimed at improving maternal socioeconomic status and 
educational attainment – such as early childhood support programs, 
maternal education subsidies, or targeted social safety nets for vulner
able families – are likely to be particularly important (Olds et al., 1997; 
Ludwig and Phillips, 2007; Currie, 2009; Heckman et al., 2010; Hoynes 
et al., 2016; Puthussery et al., 2018). These interventions, by addressing 
socioeconomic factors early on, have the potential to indirectly but 
substantially improve long-term HRQoL outcomes among VP/VLBW 
populations, helping to mitigate adverse health trajectories and reduce 
disparities in adult quality of life.

5.1. Strengths and limitations

The use of individual and harmonized participant data from multiple 
cohorts strengthens the validity of the findings, as it accounts for some of 
the potential variability in data sources and selection criteria across 
cohorts. Our research included diverse populations across different 
geographical regions and socio-demographic backgrounds, which en
hances the generalizability of our findings. An additional strength of our 
study lies in the large sample of VP/VLBW individuals and the longi
tudinal research design, which enhance both internal and external val
idity. The contributing cohorts utilized reliable and valid recruitment 
methods and maintained moderately to high participation rates 
throughout the follow-up period for both study cases and controls.

In addition to the covariates used in the adjusted analysis, the 
eligibility criteria applied within BLS, VICS, and EPICure inherently 
controlled for contextual and environmental factors associated with 
neighborhood, hospital, or school-level effects. This implicit control 
further strengthens the robustness of our findings by mitigating un
measured confounding linked to the different settings from which par
ticipants were recruited. Overall, this approach minimizes concerns 
about omitted variable bias and strengthens the validity of the selection 

on observables assumption. Finally, the use of adult self-reported 
HRQoL data helps to avoid biases inherent in proxy parental report
ing. Literature on the measurement of childhood HRQoL shows that 
child-proxy agreement is generally poor, especially for subjective con
structs such as emotion and pain (Khanna et al., 2022).

We acknowledge the limitations of our analysis. Data from this study 
come from observational cohorts and hence are prone to confounding. 
We conduct a complete case analysis, so caution is required in gener
alizing results to the full population. The methods used here are based 
on an assumption of selection on observables that cannot be verified 
with observed data (Imbens and Wooldridge, 2009; Arnold et al., 2010). 
Thus, our findings are best viewed as robust associations rather than 
causal effects, given concerns about the plausibility of the selection on 
observables assumption here. Thus, this study may not fully account for 
all potential confounding variables that could influence the relationship 
between VP/VLBW status and HRQoL outcomes in early adulthood. For 
example, our dataset does not include data on direct assessments of 
parenting skills. However, evidence shows that parents of VP/VLBW 
children are as sensitive in their parenting as parents of term-born or 
normal birthweight children (Bilgin and Wolke, 2015). Nonetheless 
other differences between the groups may remain, motivating future 
research using richer datasets. Our findings are best viewed as robust 
associations rather than causal effects, given uncertainty about the 
plausibility of selection on observables here.

We acknowledge that we are not able to measure direct measures of 
socioeconomic status such as income or employment. Specifically, we 
used maternal education, which has been shown to be a crude proxy for 
economic well-being (Braveman et al., 2001; Adler and Rehkopf, 2008). 
There was little variation in ethnicity in included cohort studies which 
does not reflect the current population trends especially in South Ger
many (Bavaria). It was not feasible to conduct analysis separately for 
each of the three cohorts given the available sample sizes. Furthermore, 
our sample size did not allow for further subdivisions by maternal age (e. 
g., 35+ years); more granular analyses of maternal age, particularly at 
the upper end of the maternal age spectrum, would be valuable in larger 
datasets in the future.

The study provides a snapshot of the effects of VP/VLBW status but 
does not consider HRQoL changes over time as individuals age. Future 
research should focus on longitudinal studies that track the HRQoL of 
VP/VLBW individuals over time, providing insights into how the impact 
evolves with age and across stages of the life-course. Due to data limi
tations, we considered a limited number of subgroups. Further investi
gation into other potential subgroups, such as those defined by economic 
status or parental occupation, access to healthcare, and parental health 
status, could provide a more comprehensive understanding of the effects 
of VP/VLBW birth.

Modern clinical practice may differ from practice during the range of 
birth years across the cohorts considered (1985–1995). However, it is 
plausible that the underlying biological impacts of VP/VLBW remains 
informative as the evidence shows that despite changes in practices 
there is no improvements in outcome (Cheong et al., 2017; Spittle et al., 
2018; Marlow et al., 2021; Ni et al., 2022; Larsen et al., 2024). Future 
research is needed to assess whether improvements in care have modi
fied long-term outcomes using more recent data.

Finally, the results of our study may not be generalizable to low- or 
middle-income countries, as the data were collected exclusively from 
high-income countries. Additionally, our findings might not fully apply 
to populations in the Americas, Asia, or Africa, as the study cohorts were 
limited to Western European countries and Australia.

6. Conclusions

Our CF approach provided heterogeneous estimates of CATE of VP/ 
VLBW status on preference-based HRQoL outcomes in early adulthood, 
suggesting that VP/VLBW status has the worst impact on HRQoL in early 
adulthood among individuals born to young and lower-educated 
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mothers. Evidence of heterogeneity in HRQoL based on sociodemo
graphic factors, such as maternal education and maternal age at birth, 
underscores the importance of assessing the sensitivity of health eco
nomic evaluations related to preterm birth to the choice of health utility 
parameters. It also highlights the need to consider the distributional 
implications when conducting health economic evaluations related to 
preterm birth.
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Appendix A. Summary Statistics of Demographic Covariates for Included Cohorts

Table A.1 
Summary Statistics of Demographic Covariates for BLS Cohort

VP/VLBW Controls p-value Missings/N (Pct)

N(%) 231 (50.8) 224 (49.2) ​ 0/455 (0.0)
Age at QoL assessment (years), mean (SD) 26.32 (0.68) 26.29 (0.69) 0.62 0/455 (0.0)
Child sex, N(%)

Male 125 (54.1) 105 (46.9) ​ ​
Female 106 (45.9) 119 (53.1) 0.12 0/455 (0.0)

Maternal age at birth (years), mean (SD) 29.06 (4.74) 29.12 (4.59) 0.90 0/455 (0.0)
Maternal education level at birth or during childhood, N(%)

Low level (equivalent to ISCED 0 to 2) 72 (31.9) 99 (44.4) ​ ​
Medium level (equivalent to ISCED 3 to 5) 126 (55.8) 88 (39.5) ​ ​
High level (equivalent to ISCED 6 to 8) 28 (12.4) 36 (16.1) <0.001 6/455 (1.3)

Maternal ethnicity, N(%)
White 231 (100.0) 224 (100.0) 0.54 0/455 (0.0)

HUI MAU score, mean (SD) 0.85 (0.18) 0.89 (0.14) 0.01 0/455 (0.0)
HUI MAU score, median (min; max) 0.91 (0.10; 1.00) 0.93 (0.10; 1.00) <0.001 0/455 (0.0)

Notes: Age of assessment was measured in years. VP/VLBW – very preterm or very low birth weight. ISCED - International Standard Classification of Education. QoL – 
quality of life. HUI3 MAU – Health Utility Index Mark 3, multi-attribute utility score.

Table A.2 
Summary Statistics of Demographic Covariates for VICS Cohort

VP/VLBW Controls p-value Missings/N (Pct)

N(%) 186 (57.6) 137 (42.4) ​ 0/323 (0.0)
Age at QoL assessment (years), mean (SD) 17.92 (0.78) 18.07 (0.88) 0.11 7/323 (2.2)
Child sex, N(%)

Male 84 (45.2) 60 (43.8) ​ ​
Female 102 (54.8) 77 (56.2) 0.81 0/323 (0.0)

Maternal age at birth (years), mean (SD) 29.12 (5.71) 30.12 (4.70) 0.10 0/323 (0.0)
Maternal education level at birth or during childhood, N(%)

(continued on next page)
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Table A.2 (continued )

VP/VLBW Controls p-value Missings/N (Pct)

Low level (equivalent to ISCED 0 to 2) 37 (35.6) 6 (9.7) ​ ​
Medium level (equivalent to ISCED 3 to 5) 47 (45.2) 30 (48.4) ​ ​
High level (equivalent to ISCED 6 to 8) 20 (19.2) 26 (41.9) < 0.001 157/323 (48.6)

Maternal ethnicity, N(%)
White 151 (87.3) 119 (88.8) ​ ​

non-White 22 (12.7) 15 (11.2) 0.68 16/323 (5.0)
HUI MAU score, mean (SD) 0.86 (0.20) 0.90 (0.15) 0.08 0/323 (0.0)
HUI MAU score, median (min; max) 0.93 (− 0.09; 1.00) 0.95 (0.19; 1.00) 0.18 0/323 (0.0)

Notes: Age of assessment was measured in years. VP/VLBW – very preterm or very low birth weight. ISCED - International Standard Classification of Education. QoL – 
quality of life. HUI3 MAU – Health Utility Index Mark 3, multi-attribute utility score.

Table A.3 
Summary Statistics of Demographic Covariates for EPICure Cohort

VP/VLBW Controls p-value Missings/N (Pct)

N(%) 110 (64.0) 62 (36.0) ​ 0/172 (0.0)
Age at QoL assessment (years), mean (SD) 19.29 (0.56) 19.19 (0.54) 0.27 0/172 (0.0)
Child sex, N(%)

Male 51 (46.4) 23 (37.1) ​ ​
Female 59 (53.6) 39 (62.9) 0.24 0/172 (0.0)

Maternal age at birth (years), mean (SD) 29.31 (5.47) 0 (0.0) N/A 64/172 (37.2)
Maternal education level at birth or during childhood, N(%)

Low level (equivalent to ISCED 0 to 2) 20 (19.2) 3 (4.8) ​ ​
Medium level (equivalent to ISCED 3 to 5) 81 (77.9) 47 (75.8) ​ ​
High level (equivalent to ISCED 6 to 8) 3 (2.9) 12 (19.4) <0.001 6/172 (3.5)

Maternal ethnicity, N(%)
White 93 (86.1) 0 (0.0) ​ ​

non-White 15 (13.9) 0 (0.0) N/A 64/172 (37.2)
HUI3 MAU score, mean (SD) 0.77 (0.25) 0.92 (0.12) <0.001 0/172 (0.0)
HUI3 MAU score, median (min; max) 0.85 (− 0.13; 1.00) 0.97 (0.45; 1.00) <0.001 0/172 (0.0)

Notes: Age of assessment was measured in years. VP/VLBW – very preterm or very low birth weight. ISCED - International Standard Classification of Education. QoL – 
quality of life. HUI3 MAU – Health Utility Index Mark 3, multi-attribute utility score.

Data availability

The authors do not have permission to share data.
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