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Abstract  
In Wales, 24.8% of children aged 4–5 years live with overweight/obesity. Obesity is linked to developing multiple long- 
term conditions. We aimed to predict childhood obesity using healthcare and wider demographic, socioeconomic, 
and area-level data. The Secure Anonymized Information Linkage (SAIL) Databank in Wales contains routinely 
collected individual-level anonymized data from health records and administrative data. Two subsamples were 
created. The first restricted to singleton births between 15 March 2010 and 28 March 2012 to include Census 
2011 data. The second included births after 1 January 2014 to include early-life measurements. Age- and sex- 
adjusted body mass index (BMI) at 4–5 years was used to define outcome of overweight/obesity (≥91st centile). 
Backward stepwise logistic regression models with multivariable fractional polynomials were used to develop 
models in stages. Data were available on 53 815 children at 4–5 years in census and 60 990 children in early-life 
subsample. Maternal BMI, smoking, marital status, birthweight, ethnic group, gender, and breastfeeding at birth were 
retained in all models. Additional variables were retained on adding census and area-level factors but increase in 
discrimination (Area Under the Curve, AUC) was marginal (0.66–0.67). In the second subsample, AUC improved from 
0.67 to 0.79 as factors up to weight at 27 months were incorporated. Factors from healthcare records were largely 
consistent with existing literature. Additional insights were provided by including census data, though increase in 
model discrimination was marginal. Childhood obesity can act as a mediator on the pathway to multiple long-term 
conditions, and risk identification tools may target early prevention.

....................................................................................................................................................................  

Introduction

Childhood overweight/obesity prevalence globally increased from 
8% in 1990 to 20% in 2022 [1] and the rate of increase has been 

higher than that of adult obesity [2]. Overweight/obesity in childhood 
increases the risk of adult obesity, which increases the risk of devel
oping long-term conditions such as cardiovascular disease and dia
betes [3]. Data from five UK birth cohorts between 1946 and 2001 
showed a trend towards earlier onset of obesity in more recent 
cohorts with two to three times greater estimated probability of over
weight/obesity in cohorts born after the 1980s compared to before 
[4]. In the 2022/2023 academic year, the prevalence of childhood 
overweight/obesity at the start of primary school was 24.8% in 
Wales [5] and 21.4% in England [6]. Children living in more deprived 
areas are twice as likely to have obesity than those living in less 
deprived areas [5, 6]. Low socioeconomic position was associated 
with higher weight in the 2001 UK Millennium birth cohort, with 
inequalities widening from childhood to adolescence [7].

Analysis of data from 6066 children from a UK birth cohort found 
that 75% of children with obesity at 7 years remained with obesity at 
11 years and 16% of those with overweight at 7 years developed obesity 
and 20% returned to healthy weight at 11 years [8]. A longitudinal 
study of 5863 pre-adolescent children found that those of a healthy 

weight remained a healthy weight during adolescence but few chil
dren with overweight/obesity reduced to healthy weight with little 
evidence of new cases of overweight/obesity emerging during adoles
cence [9]. A meta-regression of 48 studies found a high degree of 
tracking of body mass index (BMI) over time regardless of age of BMI 
measurement but was strongest in the pubertal period (10–14 years) 
and adulthood [10]. Adults with obesity were at higher risk of devel
oping two or more long-term conditions (five times higher for two 
and 12 times higher for four or more conditions) and developed 
conditions earlier than adults of healthy weight [11]. Globally in 
2015, high BMI contributed to 4.9% of disability-adjusted life years 
from any cause with over a third of high BMI related disability- 
adjusted life years in people with BMI <30 kg/m2 [2]. However, de
crease in adiposity into adulthood has been shown to be associated 
with reduced and similar risks to those with consistently normal BMI 
through childhood [3, 12].

There is currently no early identification system during pregnancy 
or early-life to detect those at high risk of childhood obesity. As part 
of the Studying Lifecourse Obesity PrEdictors (SLOPE) study, we 
utilized anonymized routinely collected antenatal and birth records 
linked to child health records for births in Hampshire, England, be
tween 2003 and 2013 to develop prediction models for the risk of 
childhood overweight/obesity. Models were developed at stages 
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corresponding to statutory healthcare visits for women and children 
in England (first antenatal booking appointment, birth, child aged 
around 1 year and around 2 years) [13]. Models were internally and 
externally validated [13, 14]. Maternal factors from pregnancy 
included in the model remained consistent across the stages but model 
performance improved across the stages from 0.66 at booking ap
pointment to 0.83 at child age around 2 years. Stakeholders at a work
shop conducted as part of this project suggested that family-focused 
interventions were important to prioritize in early childhood as this 
may provide an opportunity to change habits and trajectories before 
these become more established [15]. The transition to primary school 
is an important time with positive experiences during this time linked 
to improved social, emotional, and educational outcomes [16] which 
in turn was linked to subsequent mental health and weight in 
adolescence [17].

In this study, we aimed to explore how well childhood obesity at 
school entrance age can be predicted using healthcare and wider 
demographic, socioeconomic and area-level data using linked health 
and administrative data in another UK country: Wales. We also 
aimed to map the predictor variables across pre-conceptualized 
early-life domains [18].

Methods
This analysis is part of the Multidisciplinary Ecosystem to study 
Lifecourse Determinants and Prevention of Early-onset Burdensome 
Multimorbidity (MELD-B) project [19] examining the role of early- 
life factors as childhood obesity can act as a mediator on the pathway 
to multiple long-term conditions [20]. As part of MELD-B, we pre
viously conceptually identified 12 domains of early life factors which 
may be important for multimorbidity risk [18], and we explored how 
these conceptualized domains are represented in the variables consid
ered for prediction.

SAIL databank
The Secure Anonymized Information Linkage (SAIL) Databank (www. 
saildatabank) holds anonymized, routinely collected individual-level data 
for all Welsh residents using National Health Service (NHS) Wales. Each 
individual is assigned a unique identifier called an anonymized linking 
field (ALF) to ensure anonymity and confidentiality while enabling in
dividual level data linkage across different datasources.

We used the SAIL MELD-B children and Young adults e-cohort 
(SMYC). Details of the datasources used are described in detail else
where [21]. The SMYC cohort was restricted to individuals born 
between 1 January 2000 and 31 December 2022 with both residency 
and health data available before 18 years of age. Individuals had to be 
linked to a consistent maternal record (linked to at most one mother) 
to be included in SMYC. This led to a sample of 896 155 individuals.

For this analysis, we further restricted to those with an outcome 
measurement in the National Community Child Health (NCCH) data 
between 4 and 5 years (measurements from the Child Measurement 
Programme) and with a mother identifier as we intended to use ma
ternal variables.

Subsamples
We created two subsamples. The first was restricted to singleton 
births between 15 March 2010 and 28 March 2012 to enable inclusion 
of administrative data from the 2011 Census [Office for National 
Statistics (ONS) 2011 Census Wales]. This was a year before and after 
the 2011 Census date and allowed for analysis of additional factors 
only available in the Census. Early-life data were not available for 
this period.

The second subsample was restricted to singleton births between 
2014 and 2018 to enable inclusion of child weight measurements from 
early-life recorded as part of statutory health checks around 6, 15, and 
27 months. The sample was restricted to births up to 2018 to allow 
inclusion of information at 4–5 years.

Outcome
The Child Measurement Programme (CMP) for Wales measures the 
height and weight of children in Reception (primary school entry, age 
4–5 years). Measurements are carried out by school nursing teams.

BMI was calculated as weight/height2 and converted to age- and 
sex-adjusted BMI z-scores according to UK 1990 growth reference 
charts [22]. The outcome of childhood overweight/obesity was speci
fied using the cut-off of 91st percentile (z-score þ1.33). This cut-off is 
used for national guidance on clinical management of childhood over
weight in the UK [23, 24].

Variables considered for inclusion in the prediction model
Maternal factors during pregnancy from healthcare  
records
Maternal age (in years) at pregnancy was recorded. Maternal BMI was 
calculated using weight and height, available at the first antenatal 
booking appointment in the Maternity Indicators Dataset (MIDS). 
For mothers with missing data on height and/or weight or no record 
in MIDS, we linked to adult BMI recorded in other datasources using 
the harmonization methodology developed at Swansea University 
[25]. Maternal BMI records between 1 year before conception to 
child’s date of birth were extracted. If more than one weight/height 
record was available during this period, a priority order based on the 
timing of measurement was used: conception to 12 weeks, 0–3 months 
preconception, 3–6 months preconception, 6–9 months preconcep
tion, 9–12 months preconception, and 12–24 weeks of pregnancy.

Smoking during pregnancy was recorded in maternity and child 
health data sources as non-smoker, gave up during pregnancy, smoker 
and smoker in household. Records of mothers with missing data on 
smoking during pregnancy were linked to GP records between one 
year before conception and child’s date of birth. Detailed codes were 
used to record smoking which was condensed to non-smoker, current 
smoker, ex-smoker, and stopped smoking. The priority order for re
peat smoking records was: conception to 12 weeks, 12 weeks of 
pregnancy-birth, 0–3 months preconception, 3–6 months preconcep
tion, 6–9 months preconception, and 9–12 months preconception. 
Smoking status was condensed to smoker and non-smoker due to 
differences in recording between the different sources.

Parity was categorized as 0, 1, 2, and 3 or more. Marriage indicator 
at birth registration was used to derive marital status as married or 
living with partner, not married, and partner at different address, and 
single parent. Marital status from the Census was used if marriage 
indicator at birth registration was missing.

We linked to maternal GP records to identify the following pre- 
existing diagnoses: anaemia, asthma, coronary heart disease, type 1 
and type 2 diabetes, endometriosis, epilepsy, hyperthyroidism, hypo
thyroidism, irritable bowel disease, learning disability, polycystic 
ovarian syndrome, venous thromboembolism, and mental health con
ditions. These conditions were identified in a review of guidelines, 
recommendations and policy reports as important indicators of pre
conception health [26]. Depression, anxiety, stress, and anaemia were 
restricted to diagnosis within 5 years preconception as deemed more 
relevant to the pregnancy and due to the possibility of experiencing 
these for a shorter period. Maternal mental health conditions was 
categorized as anxiety, depression or stress and severe mental health 
conditions (bi-polar, schizophrenia, psychotic depression, puerperal 
psychosis, psychosis).

Census
Maternal educational attainment was categorized as no qualifications, 
O levels or equivalent, A levels or equivalent, degree/higher or 
equivalent and foreign qualifications. Parents country of birth, num
ber of cars in household, unpaid carer in household, parent disability 
affecting activities, parent health, number of people per bedroom and 
main household language were self-reported.
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Birth (from healthcare and administrative records)
Birthweight, gestational age at birth and mode of birth were recorded 
at birth. Breastfeeding was recorded at birth, 7 days, 10 days, 
6–8 weeks, and 6 months, and age in weeks when breastfeeding 
stopped. This was condensed to breastfeeding at birth (point with 
most data recorded). Ethnic group was recorded as White, Asian, 
Mixed, Black, and Other. Welsh Index of Multiple Deprivation 
(WIMD) for the child was linked using the closest record to birth 
up to a maximum of 6 months after birth. Urban/rural area of moth
er’s residence was from the birth registration record.

Early-life (from healthcare records)
Breastfeeding recorded at 6–8 weeks and 6 months and age in weeks 
when breastfeeding stopped was used to derive breastfeeding at 
6–8 weeks. Child weight was recorded at 6, 15, and 27 months as 
part of statutory health visits. Weights recorded within 2 months 
before or after the statutory visit age were used to calculate weight, 
e.g. weight recorded between 4 and 8 months was classified as the 6 
month visit weight if only one measurement was recorded during 
this period.

Statistical analysis
All analysis were performed using Stata [27]. We adjusted for cluster
ing by mother by including cluster-robust standard errors as some 
women had more than one pregnancy in the dataset. The variables 
with more than 5% missingness in the census subsample were mater
nal BMI (73.5%), maternal smoking (23.6%), maternal mental and 
physical health conditions (33.2%), mode of birth (29.7%), and parity 
(16.4%). Similarly in the early-life subsample, these were early-life 
weight (71.3%–84.9% depending on age at measurement), maternal 
BMI (37.5%), pre-existing physical health condition (31.8%), mental 
health condition (23.2%), breastfeeding at 8 weeks (19.0%), mode of 
birth (16.5%), maternal smoking (12.9%), and parity (9.1%). Multiple 
imputation by chained equations (MICE) was carried out using trun
cated regression for continuous variable and predictive mean match
ing for categorical variables. Missing predictor values were imputed in 
the sample with outcome of interest. We carried out 75 imputations 
of the sample generating 75 imputed datasets based on the percentage 
of missing data in the sample [28].

Stepwise backward elimination was used to select the variables to 
be included in the model [29]. Variables are removed sequentially 
from the model if P values for a variable exceeds the significance level 
specified at .157 (equivalent to the Akaike information criteria) [30] to 
reduce the risk of overfitting. Models were developed using logistic 
regression with overweight/obesity fitted as a binary outcome. Non- 
linear relationships between continuous candidate predictors and out
come were investigated using fractional polynomials. Events per vari
able was used to ensure the sample size was sufficient (based on a rule 
of thumb of 20 events per variable) [31, 32].

Models were developed in stages. For the census subsample, first 
including factors in healthcare records and then factors in the census 
and healthcare records, both incorporating data available at birth. For 
the early-life subsample, first incorporating data collected at birth, 
then child aged 6 months, aged 15 months, and aged 27 months.

Model performance
Model performance was assessed using discrimination (measure of 
how well the model differentiates between individuals) and calibra
tion (agreement of predicted outcome of the model with the observed 
outcome on average). The area under (receiver operating character
istic) curve (AUC) was used to summarize the overall discriminatory 
ability of the models. The AUC was classified as: 0.6–0.7 poor, 0.7–0.8 
fair, 0.8–0.9 good, and 0.9–1.0 excellent. The calibration slope was 
calculated for all models.

Heuristic shrinkage factors were calculated for each model [33] and 
the regression coefficients from the models were multiplied by the 
shrinkage factor to adjust for optimism.

Ethics approval
Ethics approval for the MELD-B project was granted by the University of 
Southampton Faculty of Medicine Ethics committee (ERGO 66810). 
Approval for the use of anonymized data in this study, provisioned 
within the SAIL Databank, was granted by an independent 
Information Governance Review Panel (IGRP) under project 1377.

Results
Supplementary Figure S1 shows the eligible sample. 12.4% of 53 815 
children in the census subsample and 13.6% of 60 990 children in the 
early-life subsample had BMI ≥91st centile at 4–5 years. Baseline char
acteristics for the samples are summarized in Table 1 and were similar 
for both subsamples. Mean maternal age at pregnancy was 28.5 years 
(SD 5.9) and mean maternal BMI was 26.3 kg/m2 (SD 6.2) in the 
census subsample. Over a fifth (23% in the census subsample, 20.2% 
in the early-life subsample) of mothers were categorized as smokers. 
Over half (57.4% in census subsample, 55.4% in early-life subsample) 
of mothers reported breastfeeding at birth.

Factors retained in the healthcare factors model using the census 
subsample included maternal variables: age, BMI, smoking, parity, 
ethnic group, marital status, anaemia, venous thromboembolism, 
and child variables: birthweight, gestational age at birth, gender and 
breastfeeding at birth (Table 2). Additional variables retained in the 
healthcare factors and census model included: unpaid carer, maternal 
education attainment, mother’s type of area of residence (urban/rural) 
and WIMD of child’s residence.

Factors retained in the models using the early-life subsample were 
similar (Table 3). The same variables were retained in both census 
subsample using healthcare factors only and the early-life subsample at 
birth with the exception of mother’s pre-existing conditions. The 
census subsample included anaemia and venous thromboembolism 
whereas the early-life subsample model included coronary heart dis
ease and hypothyroidism (at birth only) and polycystic ovarian syn
drome (at birth and early-life). Child weight during early-life was 
retained in the early- life models.

Discrimination (AUC) in the census subsample was 0.66 in the 
healthcare factors model, and 0.67 in the combined model with 
healthcare and census factors. Discrimination (AUC) in the early- 
life subsample was 0.67 in the birth model increasing to 0.79 in the 
model at �27months. Calibration slopes of all the models were close 
to 1 (0.92–1.00) indicating good calibration with slight overprediction 
in some models. Variables entered into the model mapped to the 
prenatal, antenatal, neonatal, and birth domain; demographic; trans
generational impact of parent health and health behaviours, socio
economic; and neighbourhood, physical environment and health 
care systems (Table 4). Variables from all domains were retained in 
the model. All variables entered from the prenatal, antenatal, neonatal 
and birth and neighbourhood, physical environment, and health care 
systems were retained.

Conditional on other variables in the model, maternal BMI was the 
strongest predictor in the model. Birthweight was also a strong pre
dictor in the models at birth but less so when weight during early-life 
was included.

Discussion
We developed models for predicting risk of childhood overweight/ 
obesity at 4–5 years using linked healthcare and administrative data 
sources in Wales. Predictors retained from healthcare records were 
largely consistent with previously developed models in England [13]. 
However, additional census and area-level variables were retained 
though increase in model discrimination was marginal (0.66–0.67). 
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Table 1. Summary of factors and outcome for the sample using the multiple imputed data

Variable Census subsample Early-life subsample
Mean ± SD Mean ± SD

N 53 815 60 990
Maternal age at pregnancy, years 28.5 ± 5.9 28.9 ± 5.7
Maternal BMI, kg/m2 26.3 ± 6.2 26.9 ± 8.0
Birthweight, kg 3.4 ± 0.6 3.4 ± 0.6
Gestational age at birth, weeks 39.4 ± 1.8 39.3 ± 1.8
Child age at �6 months, kg – 7.8 ± 2.4
Child age at �15 months, kg – 10.8 ± 2.2
Child age at �27 months, kg – 13.6 ± 3.8

% (95% CI) % (95% CI)
Maternal smoking

Non-smoker 77.0 (76.6–77.4) 79.8 (79.5–80.1)
Smoker 23.0 (22.6–23.4) 20.2 (19.9–20.5)

Parity
0 50.5 (50.1–51.0) 22.5 (22.1–22.8)
1 31.0 (30.5–31.4) 35.7 (35.3–36.1)
2 12.1 (11.8–12.4) 25.7 (25.4–26.1)
3 or more 6.4 (6.2–6.6) 16.1 (15.8–16.4)

Ethnic group
White 90.9 (90.6–91.1) 89.6 (89.3–89.8)
Asian 5.2 (5.0–5.4) 5.7 (5.5–5.9)
Mixed 2.7 (2.6–2.9) 3.3 (3.1–3.4)
Black 0.6 (0.5–0.6) 0.7 (0.6–0.8)
Other 0.6 (0.6–0.7) 0.8 (0.8–0.9)

Marital status
Married/living with partner 81.8 (81.5–82.1) 81.2 (80.9–81.5)
Not married and partner at different address 12.7 (12.4–13.0) 13.3 (13.0–13.6)
Single parent 5.5 (5.3–5.7) 5.5 (5.3–5.7)

Maternal educational attainment
No qualifications 11.8 (11.5–12.0) –
O levels or equivalent 32.4 (32.0–32.8) –
A levels or equivalent 12.8 (12.5–13.1) –
Degree/higher or equivalent 39.3 (38.8–39.7) –
Foreign qualifications 3.8 (3.7–4.0) –

Maternal mental health condition
No 57.7 (57.2–58.2) 54.7 (54.3–55.2)
Anxiety, depression, stress 40.6 (40.1–41.1) 33.0 (32.6–33.4)
Severe mental health condition 1.7 (1.6–1.8) 12.2 (12.0–12.6)

Maternal pre-existing conditions
Anaemia 5.6 (5.4–5.9) 7.0 (6.8–7.2)
Asthma 35.4 (34.9–35.9) 38.5 (38.0–38.9)
Coronary heart disease 14.9 (14.5–15.3) 10.8 (10.6–11.1)
T1 diabetes 1.1 (1.0–1.2) 1.2 (1.1–1.3)
T2 diabetes 1.2 (1.1–1.3) 1.2 (1.1–1.3)
Endometriosis 2.5 (2.4–2.7) 2.4 (2.3–2.6)
Epilepsy 2.3 (2.2–2.5) 2.3 (2.2–2.5)
Hyperthyroidism 1.7 (1.6–1.8) 1.8 (1.7–2.0)
Hypothyroidism 5.5 (5.2–5.7) 5.6 (5.4–5.9)
Irritable bowel disease 1.2 (1.1–1.4) 1.4 (1.3–1.5)
Learning disability 0.6 (0.6–0.7) 1.0 (0.9–1.0)
Polycystic ovarian syndrome 5.6 (5.4–5.9) 6.0 (5.7–6.2)
Venous thromboembolism 1.6 (1.5–1.8) 1.6 (1.5–1.7)

Mode of birth
Vaginal 75.6 (75.1–76.0) 74.8 (74.4–75.2)
Caesarean section 24.4 (24–24.9) 25.2 (24.8–25.6)

Child sex
Male 51.2 (50.8–51.6) 50.9 (50.5–51.3)
Female 48.8 (48.4–49.2) 49.1 (48.7–49.5)

Breastfeeding at birth
No 42.6 (42.2–43) 44.6 (44.2–45.0)
Yes 57.4 (57–57.8) 55.4 (55.0–55.8)

Breastfeeding at 8 weeks
No 67.3 (66.9–67.8) 56.5 (56.1–56.9)
Yes 32.7 (32.2–33.1) 43.5 (43.1–43.9)

Welsh index of multiple deprivation
Least deprived 16.0 (15.6–16.3) 16.1 (15.8–16.4)
2 17.3 (16.9–17.6) 16.9 (16.6–17.2)
3 20.2 (19.9–20.6) 20.4 (20.1–20.7)
4 21.6 (21.2–21.9) 21.0 (20.7–21.4)
Most deprived 25.0 (24.7–25.4) 25.6 (25.2–25.9)

Urban/rural area of residence
Urban 68.7 (68.3–69.1) 69.6 (69.2–70.0)
Town and fringe 16.1 (15.8–16.5) 15.3 (15.0–15.6)

(continued)
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In the early-life subsample, model discrimination increased from 0.67 
at birth to 0.79 when incorporating child factors from early-life. 
Model discrimination at birth is poor but the maternal and birth 
factors are consistent across the stages which allows for early identi
fication with more precise estimation as the child grows. Maternal 
BMI and birthweight are strong predictors and consistent across 
model stages. Factors from all domains that variables were mapped 
to were retained in the model.

The prediction model previously developed as part of the SLOPE study 
using healthcare data in Hampshire, England had a higher AUC using 
factors at birth (0.69) compared to these models developed using SAIL 
data (0.66 in census subsample using healthcare records only, 0.67 in 
early-life subsample) [13]. There were differences in variables available 
across the two datasets and how some variables were categorized. For 
example, breastfeeding at birth could not be included in model develop
ment in SLOPE due to high percentage of missingness but was retained 
in the SAIL models. Maternal smoking was available in both datasets but 
was categorized as never smoked, ex- and current smoker in SLOPE and 
non-smoker and smoker in SAIL so the non-smoker category could have 
included both never- and ex-smokers. Partnership status in SLOPE was a 
binary (yes/no) variable but had more detail in SAIL regarding whether 
mothers with a partner were living with the partner or not. Differences 
in included factors, definitions of factors and population characteristics 
can affect predictive performance [34] which may explain the lower AUC 
in the SAIL models.

Common predictors across the birth model in SLOPE and both 
SAIL subsamples were maternal age, maternal BMI, maternal smok
ing, ethnicity, parity, partnership status, birthweight, gestational age 
at birth and gender. Maternal educational attainment, intake of folic 
acid supplements and English as first language were available in 

SLOPE and retained as predictors in the model. Maternal educational 
attainment and English/Welsh as household first language was avail
able in the Census data but only maternal education attainment was 
retained in the SAIL models.

Other variables retained in the SAIL model using the census sub
sample were if there were unpaid carers in the household and whether 
carer was working, WIMD, mother’s area type of residence at birth 
and maternal pre-existing health conditions (anaemia, venous 
thromboembolism). This demonstrates that the factors available in 
healthcare records such as maternal age, BMI, ethnicity, smoking sta
tus, parity and birthweight which are established childhood obesity 
risk factors are strong predictors.

In the SLOPE models, we found that discrimination improved 
when we added child weight at around 1 year (0.78) and 2 years 
(0.83), which are the points with statutory healthcare checks in 
England. These occur at slightly different ages in Wales—6, 15, and 
27 months–and the AUC for models at these stages using the early-life 
subsample in SAIL followed a similar pattern (0.72 at 6, 0.78 at 15, and 
0.79 at 27 months). Consistency of factors across the model stages 
means that high-risk groups could be identified early with more pre
cise risk estimation as child grows.

The marginal increase in model discrimination on adding census 
factors implies that healthcare factors are more important for predict
ing risk of childhood overweight/obesity. This is in line with the 
literature with existing prediction models for overweight/obesity 
commonly including factors such as maternal BMI and birthweight, 
and health related behaviours such as maternal smoking during preg
nancy [13, 35, 36]. Some models also include demographic data such as 
partnership status, maternal educational attainment or employment 
status, either from healthcare records [13] or using cohort data [28]. 

Table 1. Continued

Variable Census subsample Early-life subsample
Mean ± SD Mean ± SD

Village 10.1 (9.9–10.4) 10.0 (9.8–10.3)
Hamlet and isolated dwellings 5.0 (4.8–5.2) 5.1 (4.9–5.3)

Parents country of birth
Born within the UK 92.2 (92.0–92.5) –
Born outside the UK 7.8 (7.5–8) –

Number of cars in household
None 18.4 (18.1–18.8) –
1 36.0 (35.6–36.4) –
2 38.3 (37.9–38.8) –
3 or more 7.2 (7.0–7.4) –

Unpaid carer
No unpaid carer 87.0 (86.7–87.3) –
One unpaid carer: working part-time 2.2 (2.1–2.4) –
One unpaid carer: working full-time 3.2 (3.0–3.3) –
One unpaid carer: unemployed or student 4.1 (3.9–4.3) –
Two or more unpaid carers 3.5 (3.4–3.7) –

Parent disability
Day-to-day activities 1.9 (1.7–2.0) –
Day-to-day activities limited a little 3.9 (3.8–4.1) –
Day-to-day activities not limited 94.2 (94.0–94.4) –

Parent health
Very good health 57.6 (57.2–58.0) –
Good health 35.4 (35.0–35.8) –
Fair health 5.7 (5.5–5.9) –
Bad health 1.1 (1.0–1.2) –
Very bad health 0.2 (0.1–0.2) –

Number of people per bedroom
Upto 0.5 persons per bedroom 4.1 (3.9–4.3) –
Over 0.5 and upto 1.0 persons per bedroom 45.9 (45.5–46.4) –
Over 1.0 and upto 1.5 persons per bedroom 30.1 (29.7–30.5) –
Over 1.5 persons per bedroom 19.9 (19.5–20.2) –

Main language
Main language is English or Welsh 95.2 (95.0–95.4) –
Main language is not English or Welsh: can speak English or Welsh well or very well 3.5 (3.4–3.7) –
Main language is not English or Welsh: cannot speak English or Welsh well or at all 1.3 (1.2–1.4) –

Childhood overweight or obesity (≥91st centile) 12.4 (12.2–12.7) 13.6 (13.4–13.9)
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Table 2. Intercept and regression coefficients of the prediction models for overweight and obesity (91st centile) in children aged 4–5 years in 
the census subsample using multiple imputed data (n¼53 815)

Predictors Healthcare records only Healthcare records and census

Coefficient 95% CI P Coefficient 95% CI P

Constant −2.80 −3.51 – −2.10 −3.21 −3.91 – −2.51
Maternal age −0.01 −0.01 – −0.003 .001 – – –
Maternal BMI 0.07 0.06–0.08 <.001 0.07 0.06–0.08 <.001
Maternal smoking

Non-smoker Ref Ref
Smoker 0.34 0.27–0.41 <.001 0.32 0.25–0.39 <.001

Parity
0 Ref Ref
1 −0.11 −0.18 – −0.04 .002 −0.12 −0.19 – −0.06 <.001
2 −0.06 −0.15–0.03 .22 −0.10 −0.19 – −0.01 .03
3 or more −0.12 −0.24 – −0.002 .05 −0.20 −0.32 – −0.08 <.001

Ethnic group
White Ref

Asian 0.11 −0.01–0.23 .08 0.09 −0.03–0.22 .13
Mixed 0.08 −0.09–0.24 .37 0.08 −0.08–0.25 .32
Black 0.49 0.18–0.81 .002 0.47 0.15–0.79 <.001
Other 0.32 −0.02–0.65 .06 0.31 −0.02–0.65 .07

Marital status
Married/living with partner Ref Ref
Not married and partner resident at different address 0.18 0.10–0.26 <.001 0.16 0.08–0.24 <.001
Single parent 0.20 0.08–0.31 .001 0.18 0.06–0.29 <.001

Anaemia
No Ref Ref
Yes 0.12 −0.01–0.24 .08 0.11 −0.02–0.24 .10

Venous thromboembolism
No Ref Ref
Yes 0.24 0.02–0.46 .03 0.24 0.02–0.46 .03

Birthweight 0.62 0.56–0.69 <.001 0.63 0.57–0.70 <.001
Gestational age at birth (weeks) −0.08 −0.10 – −0.06 <.001 −0.08 −0.10 – −0.06 <.001
Gender

Male Ref Ref
Female 0.14 0.08–0.19 <.001 0.14 0.08–0.19 <.001

Breastfeeding at birth
No Ref Ref
Yes −0.14 −0.20 – −0.08 <.001 −0.12 −0.18 – −0.05 <.001

Unpaid carer
No unpaid carers – – – Ref
One unpaid carer: working part-time – – – 0.17 0.01–0.34 .04
One unpaid carer: working full-time – – – 0.10 −0.05–0.25 .21
One unpaid carer: unemployed or student – – – 0.05 −0.08–0.17 .48
Two or more unpaid carers – – – 0.13 −0.01–0.26 .08

Maternal educational attainment
No qualifications – – – Ref
O levels or equivalent – – – 0.02 −0.07–0.11 .63
A levels or equivalent – – – 0.002 −0.11–0.11 .98
Degree/higher or equivalent – – – −0.11 −0.21 – −0.02 .02
Foreign qualifications – – – −0.07 −0.24–0.10 .43

WIMD
Least deprived Ref
2 – – – 0.16 0.06–0.26 <.001
3 – – – 0.19 0.09–0.29 <.001
4 – – – 0.20 0.10–0.30 <.001
Most deprived – – – 0.23 0.14–0.33 <.001

Urban/rural area of residence
Urban – – – Ref
Town and fringe – – – 0.11 0.04–0.19 .002
Village – – – 0.07 −0.02–0.17 .15
Hamlet and isolated dwellings – – – 0.02 −0.12–0.15 .80

Area under the curve 0.66 0.65–0.67 0.67 0.66–0.68
Calibration slope (standard error) 0.97 (0.02) 0.97 (0.02)
Shrinkage factor 0.988 0.981
Shrunken coefficient −2.79 −3.51 – −2.10 −3.18 −3.21 – −3.16

Only predictors significant at P< .157 were included in the models. Categorical variables with at least one significant category have 
been included.
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Household and area-level factors are less considered despite being 
wider determinants that contribute to risk which may be due to 
lack of recording in healthcare records or cohorts around early-life. 
Factors available in healthcare records usually include some measure 
of socioeconomic status and it is likely that socioeconomic status 
variables are correlated so adequate prediction may be achieved using 
the variables available in healthcare records.

Previous research has shown that early-life factors are associated 
with long-term health outcomes [37] and several early-life domains 
were found to be predictors of health outcomes in adulthood [38, 39]. 
Factors from all available domains were retained in the model in this 
analysis with all factors from the prenatal, antenatal, neonatal, and 
birth domain being retained. Prevention policy choices based on 
domains may help address wider determinants of health. For example, 
socioeconomic circumstances likely play an important role in the 
amount of resource available to parents towards achieving/maintain
ing a healthy weight, particularly with rising child poverty and food 

insecurity in England [40]. Risk stratification may help direct resour
ces like healthy eating family vouchers or other financial or social 
support interventions towards those at highest risk.

A strength of this analysis is the population-based sample which 
enhances generalizability. We used robust statistical methods to de
velop the models (retained continuous variables as continuous by 
investigating variable transformations using multivariable fractional 
polynomials and calculated model shrinkage) and assess model dis
crimination. Routinely collected healthcare data was linked to admin
istrative records which allowed to consider the household and area- 
level factors in predicting the risk of childhood overweight/obesity. 
Linking to other data sources in SAIL helped reduce missingness in 
some key factors but the high percentage of missing data led to some 
loss of information such as fewer classifications for maternal smoking 
during pregnancy. We additionally carried out multiple imputation of 
missing data enabling more robust analysis but requires caution in 
interpretation due to the number of imputations required. The use of 

Table 4. Mapping of predictor variables to pre-conceptualized domains of early-life risk [18].

Domains Variables Entered Retained in the  
census subsample

Retained in the  
early-life subsample

Prenatal, antenatal, neonatal 
and birth

Maternal age at pregnancy Y Y Y
Maternal BMI Y Y Y
Smoking during pregnancy Y Y Y
Parity Y Y Y
Mode of birth Y Y Y
Birthweight Y Y Y
Gestational age at birth Y Y Y
Breastfeeding at birth Y Y Y
Breastfeeding at 6-8 weeks Y (early-life subsample only) Y

Adverse childhood experiences – – – –
Child health including check-ups 

and screening
Child weight in early-life Y (early-life subsample only) – Y

Developmental attributes – – – –
Child education and 

health literacy
– – – –

Demographics Gender Y Y Y
Ethnic group Y Y Y
Marital status Y Y Y
Main household language Y (census subsample only) N –

Transgenerational impact of  
parent health and 
health behaviours

Parent disability affecting  
activities

Y (census subsample only) N N

Parent health Y (census subsample only) N N
Unpaid carer Y (census subsample only) Y Y
Anaemia (mother) Y Y N
Asthma (mother) Y N N
Coronary heart disease (mother) Y N
Type 1 diabetes (mother) Y N N
Type 2 diabetes (mother) Y N N
Endometriosis (mother) Y N N
Epilepsy (mother) Y N N
Hyperthyroidism (mother) Y N N
Hypothyroidism (mother) Y N N
Irritable bowel disease (mother) Y N N
Learning disability (mother) Y N N
Polycystic ovarian syndrome  

(mother)
Y N

Venous thromboembolism  
(mother)

Y Y N

Mental health conditions (mother) Y N
Socioeconomic Maternal educational attainment Y (census subsample only) Y –

Number of cars in household Y (census subsample only) N –
Number of people per bedroom Y (census subsample only) N –

Parental family factors and  
parental ability to care for 
a child

– – – –

Neighbourhood, physical  
environment and health 
care systems

WIMD Y Y Y
Urban/rural area of mother’s  

residence
Y Y Y

Health behaviours and diet – – – –
Religion, spirituality and 

wider culture
– – – –
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BMI is a limitation as it does not distinguish between fat mass and fat- 
free mass, however age- and sex-adjusted BMI is recommended as a 
practical estimate of adiposity in children and young people to identify 
overweight and obesity.

Childhood obesity can act as a mediator on the pathway to mul
tiple long-term conditions. Risk identification tools may be bene
ficial to target early prevention during antenatal and early-life care. 
The use of factors available in healthcare records makes the imple
mentation of the risk prediction easier in healthcare settings. Risk 
could be quantified at birth as most maternal factors remained 
consistent across models with more precise estimation in 
early years.

Author contributions
Study concept and design (Nida Ziauddeen, Nisreen A. Alwan); fund
ing (Simon D.S. Fraser, Ann Berrington, Nisreen A. Alwan); data 
collection and management (Nida Ziauddeen, Simon D.S. Fraser, 
Ann Berrington, Roberta Chiovoloni, Nisreen A. Alwan); statistical 
analysis (Nida Ziauddeen); drafting of the manuscript (Nida 
Ziauddeen); interpretation of the data, revising for content and ap
proval of final version before submission (all authors).

Supplementary data
Supplementary data are available at EURPUB online.

Conflicts of interest: R.K.O. is a member of the National Institute for 
Health and Care Excellence (NICE) Technology Appraisal Committee, 
member of the NICE Decision Support Unit (DSU)and associate 
member of the NICE Technical Support Unit (TSU). She has served 
as a paid consultant providing unrelated methodological advice to 
AstraZeneca, Cogentia Healthcare Ltd, Daiichi Sankyo, NICE, the 
Norwegian Institute of Public Health, Roche and Vifor Pharma. She 
reports teaching fees from the Association of British Pharmaceutical 
Industry (ABPI) and the University of Bristol. All other authors de
clare no further competing interests.

Funding
This work was supported by the National Institute for Health 
Research (NIHR) under its Programme Artificial Intelligence for 
Multiple and Long-Term Conditions (NIHR203988) and NIHR 
Applied Research Collaboration Wessex. The views and opinions 
expressed in this paper are those of the authors and do not necessarily 
reflect those of the NIHR or the Department of Health and Social 
Care. For the purpose of open access, the author has applied a CC-BY 
public copyright licence to any Author Accepted Manuscript version 
arising from this submission.

Data availability
Data may be obtained from a third party and are not publicly avail
able. The data used in this study are available in the SAIL Databank at 
Swansea University, Swansea, UK. All proposals to use SAIL data are 
subject to review by an independent Information Governance Review 
Panel (IGRP). Before any data can be accessed, approval must be given 
by the IGRP. The IGRP carefully considers each project to ensure the 
proper and appropriate use of SAIL data. When approved, access is 
gained through a privacy-protecting trusted research environment 
and remote access system referred to as the SAIL Gateway. SAIL 
has established an application process to be followed by anyone 
who would like to access data via SAIL https://www.saildatabank. 
com/application-process.

References
10 World Health Organization. Obesity and Overweight. 2024. https://www.who.int/ 

news-room/fact-sheets/detail/obesity-and-overweight (3 December 2024, date 
last accessed).

20 Afshin A, Forouzanfar MH, Reitsma MB et al. Health effects of overweight and 
obesity in 195 countries over 25 years. N Engl J Med 2017;377:13–27. https://doi.org/ 
10.1056/NEJMoa1614362

30 Juonala M, Magnussen CG, Berenson GS et al. Childhood adiposity, adult adiposity, 
and cardiovascular risk factors. N Engl J Med 2011;365:1876–85. https://doi.org/10. 
1056/NEJMoa1010112

40 Johnson W, Li L, Kuh D et al. How has the Age-Related process of overweight or 
obesity development changed over time? Co-ordinated analyses of individual par
ticipant data from five United Kingdom birth cohorts. Lehman R, editor. PLoS Med 
2015;12:e1001828. https://doi.org/10.1371/journal.pmed.1001828

50 Public Health Wales. Child Measurement Programme 2022-23. 2024 May. Report No. 
https://phw.nhs.wales/services-and-teams/child-measurement-programme/ (12 
February 2025, date last accessed).

60 NHS Digital. National Child Measurement Programme, England, 2022/23 School Year. 
2023. Report No. https://digital.nhs.uk/data-and-information/publications/statistic 
al/national-child-measurement-programme/2022-23-school-year (14 March 2024, 
date last accessed).

70 Bann D, Johnson W, Li L et al. Socioeconomic inequalities in childhood and ado
lescent body-mass index, weight, and height from 1953 to 2015: an analysis of four 
longitudinal, observational, british birth cohort studies. Lancet Public Health 2018;3: 
e194–e203. https://doi.org/10.1016/S2468-2667(18)30045-8

80 Wright CM, Emmett PM, Ness AR et al. Tracking of obesity and body fatness through 
mid-childhood. Arch Dis Child 2010;95:612–7. https://doi.org/10.1136/adc.2009.164491

90 Wardle J, Brodersen NH, Cole TJ et al. Development of adiposity in adolescence: five 
year longitudinal study of an ethnically and socioeconomically diverse sample of 
young people in britain. BMJ 2006;332:1130–5. https://doi.org/10.1136/bmj.38807. 
594792.AE.

10 Bayer O, Kr€uger H, Von Kries R et al. Factors associated with tracking of BMI: a 
meta-regression analysis on BMI tracking. Obesity (Silver Spring) 2011;19:1069–76. 
https://doi.org/10.1038/oby.2010.250

11 Kivim€aki M, Strandberg T, Pentti J et al. Body-mass index and risk of obesity-related 
complex multimorbidity: an observational multicohort study. Lancet Diabetes Endocrinol 
2022;10:253–63. https://doi.org/10.1016/S2213-8587(22)00033-X

12 Bjerregaard LG, Jensen BW, €Angquist L et al. Change in overweight from childhood 
to early adulthood and risk of type 2 diabetes. N Engl J Med 2018;378:1302–12. https:// 
doi.org/10.1056/NEJMoa1713231

13 Ziauddeen N, Wilding S, Roderick PJ et al. Predicting the risk of childhood over
weight and obesity at 4-5 years using population-level pregnancy and early-life 
healthcare data. BMC Med 2020;18:105.

Key points 
• There is currently no early identification system during 

pregnancy or early-life to detect those at high risk of childhood 
overweight/obesity. 

• Wider demographic, socioeconomic and area-level data from 
administrative data could improve prediction of childhood 
obesity risk at school entrance age than using healthcare 
records alone. 

• Additional area-level variables were retained though increase in 
model discrimination was marginal. 

• Model discrimination at birth is poor but the maternal and birth 
factors are consistent across the stages which allows for early 
identification with more precise estimation as the child grows. 

10 Ziauddeen et al. 
D

ow
nloaded from

 https://academ
ic.oup.com

/eurpub/article/36/3/ckag051/8653346 by Sw
ansea U

niversity user on 13 M
ay 2026

https://academic.oup.com/eurpub/article-lookup/doi/10.1093/eurpub/ckag051#supplementary-data
https://www.saildatabank.com/application-process
https://www.saildatabank.com/application-process
https://www.who.int/news-room/fact-sheets/detail/obesity-and-overweight
https://www.who.int/news-room/fact-sheets/detail/obesity-and-overweight
https://doi.org/10.1056/NEJMoa1614362
https://doi.org/10.1056/NEJMoa1614362
https://doi.org/10.1056/NEJMoa1010112
https://doi.org/10.1056/NEJMoa1010112
https://doi.org/10.1371/journal.pmed.1001828
https://phw.nhs.wales/services-and-teams/child-measurement-programme/
https://digital.nhs.uk/data-and-information/publications/statistical/national-child-measurement-programme/2022-23-school-year
https://digital.nhs.uk/data-and-information/publications/statistical/national-child-measurement-programme/2022-23-school-year
https://doi.org/10.1016/S2468-2667(18)30045-8
https://doi.org/10.1136/adc.2009.164491
https://doi.org/10.1136/bmj.38807.594792.AE
https://doi.org/10.1136/bmj.38807.594792.AE
https://doi.org/10.1038/oby.2010.250
https://doi.org/10.1016/S2213-8587(22)00033-X
https://doi.org/10.1056/NEJMoa1713231
https://doi.org/10.1056/NEJMoa1713231


14 Ziauddeen N, Roderick PJ, Santorelli G et al. Childhood overweight and obesity at the 
start of primary school: external validation of pregnancy and early-life prediction 
models. Amugsi DA, editor. PLoS Glob Public Health 2022;2:e0000258. https://doi.org/ 
10.1371/journal.pgph.0000258

15 Stannard S, Wilkinson R, Gill JK et al. A co-produced stakeholder workshop to 
identify key time points and targets for life-course prevention of multiple long-term 
conditions. Health Expect 2025;28:e70475. https://doi.org/10.1111/hex.70475

16 O’Kane M. Transition from Preschool to Primary School. Dublin, Ireland: National 
Council for Curriculum and Assessment. 2016. Report No. https://ncca.ie/media/ 
3196/3754_ncca_researchreport19_lr.pdf (3 March 2026, date last accessed).

17 Black M, Barnes A, Strong M et al. Relationships between child development at school 
entry and adolescent health—a participatory systematic review. Int J Enivron Res Public 
Health 2021;18:11613. https://doi.org/10.3390/ijerph182111613

18 Stannard S, Berrington A, Paranjothy S et al. A conceptual framework for charac
terising lifecourse determinants of multiple long-term condition multimorbidity. 
J Multimorb Comorb 2023;13:26335565231193951. https://doi.org/10.1177/ 
26335565231193951

19 Fraser SD, Stannard S, Holland E et al. Multidisciplinary ecosystem to study lifecourse 
determinants and prevention of early-onset burdensome multimorbidity (MELD-B) – 
protocol for a research collaboration. J Multimorb Comorb 2023;13:26335565231204544. 
https://doi.org/10.1177/26335565231204544

20 Zhang Y, Zhou Y, Cheng Y et al. Association of birth and childhood weight with risk 
of chronic diseases and multimorbidity in adulthood. Commun Med (Lond) 2023;3:105. 
https://doi.org/10.1038/s43856-023-00335-4

21 Chiovoloni R, Dylag JJ, Alwan NA et al. Cohort profile: creation of the SAIL MELD-B 
e-cohort (SMC) and SAIL MELD-B children and young adult e-cohort (SMYC) to 
investigate the lived experience of the ‘burdensomeness’ of multimorbidity. BMJ Open 
2025;15:e087946. https://doi.org/10.1136/bmjopen-2024-087946

22 Vidmar S, Carlin J, Hesketh K et al. Standardizing anthropometric measures in chil
dren and adolescents with new functions for egen. Stata J 2004;4:50–5. https://doi. 
org/10.1177/1536867X0100400104

23 National Institute of Heath and Care Excellence. Obesity: Identification, Assessment 
and Management. 2014. Report No. https://www.nice.org.uk/guidance/cg189 (13 
January 2025, date last accessed).

24 Scientific Advisory Committee on Nutrition (SACN), Royal College of Paediatrics and 
Child Health (RCPCH). Consideration of Issues Around the Use of BMI Centile Thresholds 
for Defining Underweight, Overweight and Obesity in Children Aged 2-18 Years in the UK. 
2012. Report No. https://assets.publishing.service.gov.uk/government/uploads/sys 
tem/uploads/attachment_data/file/339411/SACN_RCPCH_defining_child_under 
weight__overweight_and_obesity_in_the_UK_2012.pdf (13 January 2025, date 
last accessed).

25 Childs MJ, Aldridge SJ, Daniels H et al. Bridging the gap: development of a meth
odology for retrieving and harmonising body mass index (BMI) from population-level 
linked electronic health records. BMJ Open 2025;15:e103724. https://doi.org/10.1136/ 
bmjopen-2025-103724

26 Schoenaker DAJM, Stephenson J, Connolly A et al. Characterising and monitoring 
preconception health in England: a review of national population-level indicators and 

core data sources. J Dev Orig Health Dis 2022;13:137–50. https://doi.org/10.1017/ 
S2040174421000258

27 Stata Statistical Software: Release 17. College Station, TX: StataCorp LLC, 2021.

28 White IR, Royston P, Wood AM. Multiple imputation using chained equations: 
issues and guidance for practice. Stat Med 2011;30:377–99. https://doi.org/10.1002/ 
sim.4067

29 Royston P, Moons KGM, Altman DG et al. Prognosis and prognostic research: 
developing a prognostic model. BMJ 2009;338:b604. https://doi.org/10.1136/bmj.b604

30 Atkinson AC. A note on the generalized information criterion for choice of a model. 
Biometrika 1980;67:413–8. https://doi.org/10.1093/biomet/67.2.413

31 Harrell FE, Lee KL, Mark DB. Multivariable prognostic models: issues in developing 
models, evaluating assumptions and adequacy, and measuring and reducing errors. Stat 
Med 1996;15:361–87. https://doi.org/10.1002/(SICI)1097-0258(19960229)15:4%3C361:: 
AID-SIM168%3E3.0.CO;2-4.

32 Peduzzi P, Concato J, Kemper E et al. A simulation study of the number of events per 
variable in logistic regression analysis. J Clin Epidemiol 1996;49:1373–9. https://doi. 
org/10.1016/s0895-4356(96)00236-3

33 Van Houwelingen JC, Le Cessie S. Predictive value of statistical models. Stat Med 1990; 
9:1303–25. https://doi.org/10.1002/sim.4780091109

34 Damen JAAG, Debray TPA, Pajouheshnia R et al. Empirical evidence of the impact of 
study characteristics on the performance of prediction models: a meta-epidemiological 
study. BMJ Open 2019;9:e026160. https://doi.org/10.1136/bmjopen-2018-026160

35 Ziauddeen N, Roderick PJ, Macklon NS et al. Predicting childhood overweight 
and obesity using maternal and early life risk factors: a systematic review: 
predicting childhood overweight. Obesity Rev 2018;19:302–12. https://doi.org/10. 
1111/obr.12640

36 Butler �EM, Pillai A, Morton SMB et al. A prediction model for childhood 
obesity in New Zealand. Sci Rep 2021;11:6380. https://doi.org/10.1038/s41598-021- 
85557-z

37 Gluckman PD, Buklijas T, Hanson MA. The Developmental Origins of Health and 
Disease (DOHaD) concept. The Epigenome and Developmental Origins of Health and 
Disease. Elsevier (Academic Press), 2016, 1–15. https://linkinghub.elsevier.com/re 
trieve/pii/B9780128013830000013 https://doi.org/10.1016/B978-0-12-801383-0. 
00001-3 (12 March 2025, date last accessed).

38 Stannard S, Owen R, Berrington A et al. Early Life Predictors of Obesity and Hypertension 
Comorbidity at Midlife: Findings from the 1958 National Child Development Study (NCDS). 
2024. [cited 12 March 2025]. http://medrxiv.org/lookup/doi/10.1101/2024.12.09. 
24318705 https://doi.org/10.1101/2024.12.09.24318705 (12 March 2025, date 
last accessed).

39 Stannard S, Owen R, Berrington A et al. Early life domains as predictors of obesity and 
hypertension comorbidity: Findings from the 1970 British Cohort Study (BCS70) 
[Internet]. 2024 [cited 12 March 2025]. http://medrxiv.org/lookup/doi/10.1101/2024. 
05.13.24307277 (12 March 2025, date last accessed).

40 Joseph Rowntree Foundation. UK Poverty 2025. January 2025. https://www.jrf.org. 
uk/uk-poverty-2025-the-essential-guide-to-understanding-poverty-in-the-uk#_- 
groups-with-unacceptably-high-rates-of-poverty (18 March 2026, date last accessed).

© The Author(s) 2026. Published by Oxford University Press on behalf of the European Public Health Association.
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted 
reuse, distribution, and reproduction in any medium, provided the original work is properly cited.
European Journal of Public Health, 2026, 36, 1–11
https://doi.org/10.1093/eurpub/ckag051
Original Manuscript

Predicting childhood overweight and obesity at school entrance  11 
D

ow
nloaded from

 https://academ
ic.oup.com

/eurpub/article/36/3/ckag051/8653346 by Sw
ansea U

niversity user on 13 M
ay 2026

https://doi.org/10.1371/journal.pgph.0000258
https://doi.org/10.1371/journal.pgph.0000258
https://doi.org/10.1111/hex.70475
https://ncca.ie/media/3196/3754_ncca_researchreport19_lr.pdf
https://ncca.ie/media/3196/3754_ncca_researchreport19_lr.pdf
https://doi.org/10.3390/ijerph182111613
https://doi.org/10.1177/26335565231193951
https://doi.org/10.1177/26335565231193951
https://doi.org/10.1177/26335565231204544
https://doi.org/10.1038/s43856-023-00335-4
https://doi.org/10.1136/bmjopen-2024-087946
https://doi.org/10.1177/1536867X0100400104
https://doi.org/10.1177/1536867X0100400104
https://www.nice.org.uk/guidance/cg189
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/339411/SACN_RCPCH_defining_child_underweight__overweight_and_obesity_in_the_UK_2012.pdf
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/339411/SACN_RCPCH_defining_child_underweight__overweight_and_obesity_in_the_UK_2012.pdf
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/339411/SACN_RCPCH_defining_child_underweight__overweight_and_obesity_in_the_UK_2012.pdf
https://doi.org/10.1136/bmjopen-2025-103724
https://doi.org/10.1136/bmjopen-2025-103724
https://doi.org/10.1017/S2040174421000258
https://doi.org/10.1017/S2040174421000258
https://doi.org/10.1002/sim.4067
https://doi.org/10.1002/sim.4067
https://doi.org/10.1136/bmj.b604
https://doi.org/10.1093/biomet/67.2.413
https://doi.org/10.1002/(SICI)1097-0258(19960229)15:4%3C361::AID-SIM168%3E3.0.CO;2-4
https://doi.org/10.1002/(SICI)1097-0258(19960229)15:4%3C361::AID-SIM168%3E3.0.CO;2-4
https://doi.org/10.1016/s0895-4356(96)00236-3
https://doi.org/10.1016/s0895-4356(96)00236-3
https://doi.org/10.1002/sim.4780091109
https://doi.org/10.1136/bmjopen-2018-026160
https://doi.org/10.1111/obr.12640
https://doi.org/10.1111/obr.12640
https://doi.org/10.1038/s41598-021-85557-z
https://doi.org/10.1038/s41598-021-85557-z
https://linkinghub.elsevier.com/retrieve/pii/B9780128013830000013
https://linkinghub.elsevier.com/retrieve/pii/B9780128013830000013
https://doi.org/10.1016/B978-0-12-801383-0.00001-3
https://doi.org/10.1016/B978-0-12-801383-0.00001-3
http://medrxiv.org/lookup/doi/10.1101/2024.12.09.24318705
http://medrxiv.org/lookup/doi/10.1101/2024.12.09.24318705
https://doi.org/10.1101/2024.12.09.24318705
http://medrxiv.org/lookup/doi/10.1101/2024.05.13.24307277
http://medrxiv.org/lookup/doi/10.1101/2024.05.13.24307277
https://www.jrf.org.uk/uk-poverty-2025-the-essential-guide-to-understanding-poverty-in-the-uk#_-groups-with-unacceptably-high-rates-of-poverty
https://www.jrf.org.uk/uk-poverty-2025-the-essential-guide-to-understanding-poverty-in-the-uk#_-groups-with-unacceptably-high-rates-of-poverty
https://www.jrf.org.uk/uk-poverty-2025-the-essential-guide-to-understanding-poverty-in-the-uk#_-groups-with-unacceptably-high-rates-of-poverty

	Active Content List
	Introduction
	Methods
	Results
	Discussion
	Author contributions
	Supplementary data
	Funding
	Data availability
	References


