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Abstract
Background  – Identifying children with a high risk of developing future obesity could enable timely targeted 
prevention strategies. The study’s objective was to develop prediction models that could detect if young children at 
very early age, from birth to age six, have an increased risk of being obese in early adolescence.

Methods  – We analyzed a subset of data (N = 4,309) from the Generation R study, a population-based prospective 
cohort study of pregnant women and their children from fetal life to young adulthood in the Netherlands. Parental, 
household, and birth/child characteristics were considered as predictors. We developed separate models for children 
at age zero (three months), two, four, and six years that predict obesity at age 10 to 14 years. Per age we fitted an 
optimal prediction model (full model) and a more practical model with less predictors (restricted model). For the 
development of the prediction models we used regularized regression models with a least absolute shrinkage and 
selection operator (LASSO) penalty to avoid overfitting.

Results  – Parental body mass index (BMI), parental education level, latest child BMI measurements, ethnicity of the 
child, breakfast consumption, cholesterol, and low-density lipoprotein (LDL) of the child were included as predictors 
in all models when considered as candidate predictor. The models for all age groups performed well (lowest area 
under the curve (AUC) 0.872 for the age 0 restricted model), with the highest performance for the 6-year model (AUC 
0.954 and 0.949, full and restricted model). Sensitivity and specificity of models varied between ages with ranges 
0.80–0.90 (full model); 0.79–0.89 (restricted model) and 0.80–0.88 (full model); 0.79–0.87 (restricted model).

Conclusions  – These obesity prediction models seem promising and could be used as valuable tools for early 
detection of children at increased risk of being obese at adolescence, even at an early age.
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Background
Obesity is a worldwide prevalent risk for adverse physical 
and mental health outcomes. It is associated with non-
communicable diseases such as diabetes mellitus type 2, 
cardiovascular diseases, musculoskeletal disorders, and 
certain types of cancer [1–3]. Globally, 6% (girls) to 8% 
(boys) of children aged 5 to 19 years and 13% of adults 
were obese in 2016, according to the World Health Orga-
nization (WHO) [1]. The prevalence of obesity in the 
Netherlands was 3.5% in children aged 4 to 17 years and 
14.3% in adults in 2021 [4, 5]. Obesity and overweight are 
a leading risk factor of 4.8% of deaths worldwide [2].

Obesity not only negatively affects the health of adults. 
Also, children with obesity are at increased risk of hav-
ing additional cardiovascular risk factors (e.g., high blood 
pressure, dyslipidemia, hyperinsulinemia, and insulin 
resistance) and orthopedic and psychosocial problems [1, 
3, 6–9]. In addition, children with obesity have a higher 
chance of becoming adults with obesity [1, 7, 10, 11]. The 
likelihood of childhood obesity persisting into adulthood 
depends on factors such as age, degree of obesity, the 
childhood trajectory of BMI, and obesity of parents [7, 
11]. Treatment of obesity is generally not very effective 
in achieving sustainable weight changes [12, 13]. As such, 
monitoring and prevention at an early age is essential to 
prevent obesity and may provide a window of opportu-
nity to promote sustainable lifestyle changes for children 
and their families. To provide timely interventions for 
those at-risk of becoming obese, it is essential to detect 
children at-risk for obesity at an early age.

A prediction model detecting children at-risk that 
could be easily implemented in the field is paramount 
to its effect. The nationally organized Dutch Preventive 
Child Health Care is offered free of charge, has a reach 
of up to 95%, and monitors and promotes optimal child 
growth and development for all children from 0 to 19 
years with several check-ups at very early age and by 
working with guidelines, for example a guideline to signal 
and prevent childhood overweight [14, 15]. The Dutch 
Preventive Child Health Care is an ideal setting for tar-
geted primary prevention of obesity in young children in 
the Netherlands.

Two previous studies by Steur et al. [16] and Welten 
et al. [17] have developed prediction models in a Dutch 
birth cohort for the outcome overweight at the age of 
eight years. Steur et al. developed a model to be applied 
at birth and Welten et al. developed a single model that 
could be applied at all ages between 3 months and 6 
years using data available soon after birth combined with 
longitudinal growth data. To our knowledge, no predic-
tion models for obesity at adolescence for use in Dutch 
Preventive Child Health Care have been developed that 
both utilize the repeatedly measured growth data and are 

optimized for age at risk assessment by having separate 
models for specific ages.

To facilitate early detection and timely treatment and 
prevention of obesity by Dutch Preventive Child Health 
Care, the main objective of this study is to develop and 
internally validate models that predict obesity at ado-
lescence (10–14 years) from an early age using data 
from The Generation R study [18], a population-based 
prospective cohort study in the Rotterdam area in the 
Netherlands. This data allows us to develop multiple age 
specific models to be used for children at age 3 months 
(infant/3m/0y model), two years (2y), four years (4y), and 
six years (6y), resembling the different periods of con-
sultation in Dutch Preventive Child Health Care [15]. By 
creating separate models for the different ages, instead of 
a single model, we are allowing for age-specific predictors 
to be included. Using the more extensive data from the 
Generation R study also allows us to include predictors 
that are currently not monitored by Dutch Preventive 
Child Health Care and that might be valuable to include. 
Some of the predictors, such as cholesterol, high-density 
lipoprotein (HDL) and low-density lipoprotein (LDL) at 
age 6 years, require invasive blood sampling and should 
prove to be of great added value before they are consid-
ered to be added to a preventive monitoring setting. To 
further facilitate practical use in Dutch Preventive Child 
Health Care, a full model and a more restricted model, 
with less variables due to stricter selection criteria, are 
fitted per age.

Methods
The study’s objective is to develop and internally validate 
prediction models that can detect if young children at 
very early age, from birth to age six, have an increased 
risk of being obese in early adolescence.

Study design and population: the generation R study
To develop the obesity prediction models, data from 
the Generation R Study [18] was used. The Generation 
R Study is a multi-ethnic population-based prospec-
tive cohort study from fetal life until adulthood and is 
conducted in Rotterdam, the second largest city in the 
Netherlands. Pregnant women with an expected delivery 
date between April 2002 and January 2006 living in Rot-
terdam were eligible for participation in the study. Enrol-
ment was aimed at early pregnancy but was possible until 
the child’s birth. In total, 9,153 mothers were enrolled in 
the study with a total of 9,778 pregnancies and who gave 
birth to 9.749 live-born children. An overall response 
rate of pregnant women was not obtained, as it was dif-
ficult to precisely estimate the number of eligible preg-
nant women in the study area due to a lack of satisfactory 
registry of pregnancies [19]. Since the children form a 
prenatally recruited birth-cohort, the overall response of 
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the study has been established at birth and is 61% [19]. 
At enrolment, the mothers included in the Generation 
R cohort had a mean age similar to all pregnant women 
in the study area [20]; compared to the population in the 
study area the distribution of ethnicity differed only mod-
erately [21]; a selection towards a higher socio-economic 
status is suggested by both household income and high-
est followed educational level in mothers and fathers in 
the study cohort, a pattern similar as in other large scale 
cohort studies [21]. However, selective missing values of 
ethnicity and socio-economic status in the questionnaires 
might also have been the cause of differences between 
the population and cohort characteristics. [21] Exten-
sive assessments were performed on mothers, fathers, 
and their children. The Medical Ethical Committee of 
Erasmus MC, University Medical Center Rotterdam, 
has approved the study. Written informed consent was 
obtained for all participants [18]. See the design papers of 
the Generation R Study [18–25] for more detailed infor-
mation on the cohort, including enrolment, response and 
representativeness. See the Declarations section of this 
paper for more information on ethics approval, consent 
and data availability in the Generation R study.

For this study we excluded participating children who 
did not have a recorded BMI score between age 10 and 
14.

Outcome of obesity in adolescence
The outcome for all prediction models is obesity at age 
10 to 14 (median 13.48 years), based on international sex- 
and age-based cut-off values of BMI by Cole et al. 2000 
[26].

Participants were invited to the research center at the 
ages of 10 and 13 years, where the research staff obtained 
weight and height measurements [18]. Height and weight 
were measured without shoes and heavy clothing. We 
calculated the BMI in kg/m2 and converted it into BMI 
z-scores using the 1997 Dutch reference growth charts 
(sex- and age-dependent BMI values from the Fourth 
Dutch Growth Study) [27]. Within the age range of 10 
to 14 years our participants usually had one, but some-
times two measurements available. For participants with 
two measurements available, the BMI corresponding to 
the highest BMI z-score measured within this age range 
was selected as the indicator of obesity status in adoles-
cence. Then, for each participant the BMI measurement 
at adolescence was categorized into obesity yes/no using 
the sex and age specific cut-offs by Cole et al. [26].

Candidate predictors from birth to age 6
The obesity prediction models were created by carefully 
selecting a range of potential predictors based on litera-
ture, available data, and author consensus [17, 28–33]. 
These predictors can be grouped into two categories. 

Baseline predictors available at birth and time depen-
dent predictors available later in life. Baseline predictors 
were: mother’s pre-pregnancy BMI; father/partner’s BMI; 
mother’s educational level; father/partner’s educational 
level; maternal smoking during pregnancy; mother’s age 
at birth; parity; maternal gestational weight gain; delivery 
type; gestational age; child’s birthweight z-score; child’s 
sex; child’s ethnicity. Time-dependent predictors were: 
mother’s current BMI (age 6y); family/household income 
(age 0/2/3/6y); family/household size (age 6m/2/3/6y); 
mother’s marital/living status (age 0/2/3/6y); smoking 
exposure in parental house (age 3m/2/3/6y); child’s BMI 
z-score at (age 3m/6m/9m/1.15y/2y/4y/6y); breastfeed-
ing of child (age 3m/1y); age of fruit/vegetable intro-
duction (age 6m); sleep (age 3m/2y); screen time (age 
2/4/6y); playing outside (age 3/4/6y); playing sports (age 
6y); snack/soda consumption during screen time (age 3y); 
snack consumption (age 4/6y); sweet drinks consumption 
(age 4/6y); breakfast consumption (age 4/6y); cholesterol 
level (age 6y); HDL level (age 6y); LDL level (age 6y); tri-
glycerides level (age 6y).

For the non-baseline variables we only included the 
variable of the corresponding age in the model, except 
for child’s BMI z-score, breastfeeding and fruit/vegetable 
introduction. Breastfeeding (never/ever) assessed at age 1 
and age fruit/vegetable introduction (< 4; 4–6;6 > months) 
assessed at age 6 months were included in the 2, 4 and 6y 
model. For BMI z-score we included in the models all the 
measurements up till age of assessment.

Please see Table  1 for the units and categories each 
candidate predictor consists of. For detailed information 
on the predictors, please see supplemental Text S1 and 
Tables S1-5.

Statistical analysis
Data pre-processing
The data were pre-processed and analysed using the 
statistical software R version 4.0.3 [34]. Pre-processing 
included constructing a broken stick model to estimate 
BMI growth at fixed intervals (see supplemental Text S1, 
paragraph 2.2 for more detailed information) [35], imput-
ing missing data, adding synthetic cases using random 
over-sampling examples (ROSE) to address the low prev-
alence of obesity in our sample, and finally normalizing 
all non-standardized continuous predictors and dummy 
coding categorical predictors.

Missing data were imputed using multiple imputation 
through chained equations with the mice package in R 
[36]. Continuous outcomes were imputed using predic-
tive mean matching, dichotomous variables with logis-
tic regression, and categorical variables using random 
forests. As our data contained missing values, between 
16.7% and 20.4% total missingness for each model, we 
used the imputation model to create 20 imputed data 
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Baseline variables
Mother’s prepregnancy BMI kg/m2 23.54 (4.18)
Father/partner’s BMI kg/m2 25.30 (3.44)
Mother’s educational level Primary 275.65 (6.4%)

Secondary 1820.35 (42.25%)
Higher education 2213.00 (51.36%)

Father/partner’s educational level Primary 300.30 (6.97%)
Secondary 1768.85 (41.05%)
Higher education 2239.85 (51.98%)

Maternal smoking during pregnancy Never 3334.25 (77.38%)
Until pregnancy was known 354.50 (8.23%)
Continued during pregnancy 620.25 (14.39%)

Mother’s age (birth) years 31.53 (4.92)
Parity (birth) Number of times given birth 0.59 (0.82)
Maternal gestational weight gain (birth) kg/wk 0.35 (0.16)
Delivery type (birth) Vaginal 3742.15 (86.84%)

Cesarean 566.85 (13.16%)
Gestational age (birth) weeks 39.77 (1.90)
Birthweight z-score (birth) z-score -0.04 (1.35)
Sex of child (birth) Male 2151.00 (49.92%)

Female 2158.00 (50.08%)
Ethnicity of child (birth) Dutch 2703.65 (62.74%)

Cape Verdean 120.25 (2.79%)
Dutch Antilles 131.20 (3.04%)
Morroccan 211.30 (4.9%)
Turkish 204.50 (4.75%)
Surnamese-Creole 110.30 (2.56%)
Surinamese-Hindustani 122.65 (2.85%)
Other 705.15 (16.36%)

Outcome variables at adolesence
BMI kg/m2 19.56 (3.42)
Obesity Non-obese 4167.00 (96.70%)

Obese 142.00 (3.30%)
Time-dependent variables Age 0 Age 2 Age 4 Age 6
Mother’s current BMI (age 6) kg/m2 - - - 25.48 (4.92)
Household income (age 0/2/3/6) Moderate/High 3566.40 (82.77%) 3449.65 

(80.06%)
3478.20 (80.72%) 3650.75 

(84.72%)
Low 742.60 (17.23%) 859.35 (19.94%) 830.80 (19.28%) 658.25 (15.28%)

Household size (age 6m/2/3/6) Number of household 
members

3.64 (1.00) 3.68 (0.93) 3.91 (1.03) 4.08 (0.96)

Mother’s marital/living status (age 
0/2/3/6)

Married/registered partner/liv-
ing together

3812.30 (88.47%) 3807.20 
(88.35%)

3749.75 (87.02%) 3696.60 
(85.79%)

No partner/not living together 496.70 (11.53%) 501.80 (11.65%) 559.25 (12.98%) 612.40 (14.21%)
Smoking exposure in parental house 
(age 3m/2/3/6)

No smoking 3768.50 (87.46%) 3465.85 
(80.43%)

3602.35 (83.60%) 3834.45 
(88.99%)

Smoking 540.50 (12.54%) 843.15 (19.57%) 706.65 (16.40%) 474.55 (11.01%)
Child’s BMI z-score age 0.25 - 0.35 (0.89) 0.35 (0.89) 0.36 (0.85)

age 0.5 - 0.10 (0.87) 0.11 (0.86) 0.11 (0.83)
age 0.75 - 0.18 (0.86) 0.18 (0.86) 0.18 (0.82)
age 1.15 - 0.17 (0.89) 0.17 (0.88) 0.18 (0.86)
age 2 - 0.24 (0.91) 0.23 (0.91) 0.23 (0.88)
age 4 - - 0.08 (0.82) 0.08 (0.81)
age 6 - - - 0.22 (0.78)

Breastfeeding of child (age 3m/1/1/1) No, never 1372.50 (31.85%) 336.95 (7.82%) 336.95 (7.82%) 336.95 (7.82%)

Table 1  Pooled descriptive values of the candidate predictors and outcome for the population for analysis N = 4,309 from the 20 
imputed datasets
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sets. This is in line with recommendations for moderate 
amounts of missing values [37, 38]. The model was iter-
ated 20 times to achieve final imputation values. Result-
ing predicted probabilities are pooled using Rubin’s rules 

[38]. Reported performance metrics are based on pooled 
results.

In our data, only 3.3% of cases (N = 142) had obesity 
in early adolescence. We used the ROSE oversampling 

Baseline variables
Yes, ever 2936.50 (68.15%) 3972.05 

(92.18%)
3972.05 (92.18%) 3972.05 

(92.18%)
Age fruit/vegetable introduction (age 
6m)

< 4 months - 268.25 (6.23%) 268.25 (6.23%) 268.25 (6.23%)

4–6 months - 3914.40 
(90.84%)

3914.40 (90.84%) 3914.40 
(90.84%)

> 6 months - 126.35 (2.93%) 126.35 (2.93%) 126.35 (2.93%)
Sleep day (3m) 0–4 h 831.55 (19.30%) - - -

4–6 h 1193.85 (27.71%) - - -
6–8 h 1385.65 (32.16%) - - -
> 8 h 897.95 (20.84%) - - -

Sleep night (3m) < 6 h 824.35 (19.13%) - - -
≥ 6 h 3484.65 (80.87%) - - -

Sleep (age 2) h/day - 10.95 (1.02) - -
Screen time (age 2/4/6) h/day - 0.70 (0.48) 1.02 (0.74) 1.67 (1.23)
Playing outside (age 3/4/6) h/day - 1.61 (0.85) 1.00 (0.78) 1.58 (1.12)
Playing sports (age 6) No - - - 2324.75 

(53.95%)
Yes - - - 1984.25 

(46.05%)
Snack/soda during screen time (age 3) No, almost never - 1501.40 

(34.84%)
- -

Sometimes - 2537.45 
(58.89%)

- -

Often or almost always - 270.15 (6.27%) - -
Snack consumption (age 4/6) Number of snacks per day 

(age 6)
- - - 1.43 (0.82)

Never (age 4) - - 435.95 (10.12%) -
Once per day (age 4) - - 2462.85 (57.16%) -
2 or more times per day (age 4) - - 1410.20 (32.73%) -

Sweet drinks consumption (age 4/6) Number of sweet drinks per day 
(age 6)

- - - 2.34 (1.26)

Less than 1 glass per day (age 4) - - 596.85 (13.85%) -
1 glass per day (age 4) - - 738.60 (17.14%) -
2 glasses per day (age 4) - - 1331.70 (30.91%) -
3 glasses per day (age 4) - - 1057.40 (24.54%) -
4 glasses per day (age 4) - - 393.00 (9.12%) -
More than 4 glasses per day 
(age 4)

- - 191.45 (4.44%) -

Breakfast consumption (age 4/6) Number of days per week 
(age 6)

- - - 6.87 (0.64)

Every day of the week (age 4) - - 3916.80 (90.90%) -
6 days per week or less (age 4) - - 392.20 (9.10%) -

Cholesterol (age 6) mmol/L - - - 4.21 (0.76)
HDL (age 6) mmol/L - - - 1.34 (0.32)
LDL (age 6) mmol/L - - - 2.37 (0.65)
Triglycerides (age 6) mmol/L - - - 1.04 (0.49)
Descriptive values of the 20 imputed datasets are pooled using Rubin’s rule for point estimation [38]. The descriptives are provided as mean (SD) for continuous 
values and frequency (%) for categorical values. The descriptive values of the time-dependent variables are given for each age accordingly. For more information on 
the variables please see Text S1 in the supplemental files

Table 1  (continued) 
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technique to address this class imbalance [39]. Additional 
synthetic children with obesity were created based on the 
observed data and added to the original data to train the 
model on data with perfect class balance. The model is 
then applied to the original data without any synthetic 
cases to test the model’s predictive performance.

Statistical model
To predict obesity, we used a regularized regression 
model with a least absolute shrinkage and selection 
operator (LASSO) penalty to avoid overfitting [40]. This 
shrinks coefficients and omits them from the model when 
they become too small. The omitting of variables from 
the model does not necessarily mean they are unrelated 
to obesity, only that they do not improve the model’s pre-
dictive power. There are a variety of ways to perform a 
LASSO model on multiple imputed data. We opted for 
a so-called stacked approach, as it is computationally the 
most efficient method, and has been shown to give good 
results in simulations [41]. All 20 imputations are com-
bined into a single data set. Weights are used so that all 
imputed observations for a case sum up to one.

We used 5-fold cross-validation to determine the 
appropriate penalty value for our data. The data was par-
titioned into five parts, randomly and stratified by the 
outcome variable. We ensured that each subject’s impu-
tations were assigned to the same fold. In each round, 
the model was trained on 80% of the data and applied to 
the remaining 20%. This process was repeated ten times, 
testing 100 penalty values. The penalty value that resulted 
in the highest average out-of-sample receiver operating 
characteristic (ROC) AUC was selected and used to train 
a final model on the complete data.

To create a more suitable model for use in primary 
care, we fit a second series of more restricted models 
with fewer variables. We used the one standard error rule 
to select a more conservative penalty, resulting in a sim-
pler model [42]. Results from the restricted models are 
shown alongside those from the full models.

Model performance
Models are assessed using ROC AUC. This metric rep-
resents the model’s ability to distinguish obese and non-
obese cases [43]. ROC AUC tends to be too optimistic 
when the outcome is highly imbalanced. For this reason, 
we also report the positive predictive value, which tells us 
what proportion of positive predictions truly had obesity 
in adolescence. Sensitivity and specificity of the models 
are also calculated. Sensitivity, specificity and positive 
predictive values are dependent on a cut-off value of the 
predicted risk to categorize someone at high or low risk 
of becoming obese. The reported performance measures 
in this study were calculated using a risk threshold set at 
0.5.

Each model was internally validated using 10-fold 
cross-validation. We chose this model validation method 
over data splitting methods, as it does not require a sacri-
fice in sample size [44]. The data is randomly divided into 
10 parts. In each round, the data pre-processing steps, 
including the broken stick model and imputation model, 
and the prediction model, are developed on 90% of the 
data. The remaining 10% of the data is then used to assess 
out-of-sample performance. The average and the range of 
the resulting performance metrics are reported alongside 
the within-sample results. An average cross-validated 
metric that is similar to the within-sample metrics indi-
cates that the model performs equally well on new data 
as it did on the training data. A narrow range indicates 
these results are stable and the model is not strongly 
affected by the selected sample.

Sensitivity analyses
Additional sensitivity analyses were performed to look 
into differences between participants from the Genera-
tion R Study that were included and excluded from our 
population for analysis. Also, we provided the perfor-
mance estimates of the models for additional cut-off val-
ues for the predicted risk at 0.25 and 0.75. To assess if the 
prediction models are able to identify children becom-
ing obese at adolescence, but whom are not obese yet at 
time of risk prediction, we assessed the sensitivity of the 
model in this group of children.

Results
The Generation R study gathered information on a total 
of 9,749 live-born children. Children who did not have a 
recorded BMI score when they were between 10 and 14 
years old were excluded. This left 4,309 cases for the final 
analysis (Fig. 1), and out of these, 142 (3.3%) were classi-
fied as obese during early adolescence (Table 1).

The broken stick model was utilized to estimate BMI 
z-scores at specific points in time for all cases. The esti-
mated BMI z-scores closely matched the observed data 
(R2 = 0.936). Multiple imputations were checked for 
accuracy through visual inspections of the data, includ-
ing trace plots and density plots. The results showed that 
convergence was achieved within 20 iterations, and no 
problematic imputed values were found.

Table 1 shows the descriptive information of the popu-
lation for analysis.

Table 2 presents the full and restricted models for age 
0, 2, 4, and 6 years to predict obesity during adolescence. 
Predictors that were included in all the models that they 
were considered a candidate predictor for were the base-
line variables mother’s prepregnancy BMI, father’s BMI 
at enrolment, mother’s and father’s educational level, 
ethnicity of the child; and the time-dependent variables 
mother’s current BMI, the two most recent child BMI 
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Fig. 1  Flow diagram of the population of analysis. (The overall response of the Generation R Study established at birth was 61%)
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Age 0 Age 2 Age 4 Age 6
Baseline variables Unit/categories Full 

exp(b)*
Re-
strict-
ed** 
exp(b)*

Full 
exp(b)*

Re-
strict-
ed** 
exp(b)*

Full 
exp(b)*

Re-
strict-
ed** 
exp(b)*

Full 
exp(b)*

Re-
strict-
ed** 
exp(b)

Intercept 0.640 0.565 0.442 0.631 0.437 0.570 0.201 0.272
Mother’s prepregnancy BMI kg/m2 1.632 1.510 1.458 1.384 1.414 1.346 1.146 1.107
Father/partner’s BMI kg/m2 1.497 1.332 1.308 1.225 1.276 1.193 1.202 1.125
Mother’s educational level Primary Ref Ref Ref Ref Ref Ref Ref Ref

Secondary 0.660 — — — — — — —
Higher education 0.345 0.470 0.440 0.440 0.439 0.449 0.406 0.414

Father/partner’s educational level Primary Ref Ref Ref Ref Ref Ref Ref Ref
Secondary 0.740 — — — — — — —
Higher education 0.520 0.755 0.704 0.768 0.663 0.735 0.694 0.768

Maternal smoking during pregnancy Never Ref Ref Ref Ref Ref Ref Ref Ref
Until pregnancy was known 0.924 — — — — — — —
Continued during pregnancy 1.442 1.034 1.220 1.003 — — — —

Mother’s age (birth) years 0.899 0.957 0.947 0.987 0.982 — 0.967 —
Parity (birth) Number of times given birth 0.972 — — — — — 1.003 —
Maternal gestational weight gain (birth) kg/wk — — — — — — 0.989 —
Delivery type (birth) Vaginal Ref Ref Ref Ref Ref Ref Ref Ref

Cesarean 1.365 1.000 1.119 — — — — —
Gestational age (birth) weeks 1.032 — — — — — — —
Birthweight z-score (birth) z-score 1.025 — — — — — — —
Sex of child (birth) Male Ref Ref Ref Ref Ref Ref Ref Ref

Female 1.293 1.044 1.140 — 1.037 — — —
Ethnicity of child (birth) Dutch Ref Ref Ref Ref Ref Ref Ref Ref

Cape Verdean 3.429 1.495 1.651 1.048 1.628 1.086 1.262 —
Dutch Antilles 2.456 1.268 1.786 1.234 1.398 1.006 1.427 1.000
Morroccan 1.700 1.011 — — — — — —
Turkish 3.118 1.727 1.498 1.102 1.267 — 1.595 1.199
Surnamese-Creole 2.438 1.021 1.194 — 1.297 — 1.017 —
Surinamese-Hindustani 4.482 1.712 2.657 1.423 2.496 1.434 4.722 2.642
Other 1.373 — — — — — — —

Time-dependent variables Full 
exp(b)*

Re-
strict-
ed** 
exp(b)*

Full 
exp(b)*

Re-
strict-
ed** 
exp(b)*

Full 
exp(b)*

Re-
strict-
ed** 
exp(b)*

Full 
exp(b)*

Re-
strict-
ed** 
exp(b)

Mother’s current BMI (age 6) kg/m2 1.305 1.275
Household income (age 0/2/3/6) Moderate/High Ref Ref Ref Ref Ref Ref Ref Ref

Low 1.149 1.443 2.313 2.254 1.722 1.697 — —
Household size (age 6m/2/3/6) Number of household 

members
1.040 — — — 0.976 — 0.944 0.998

Mother’s marital/living status (age 0/2/3/6) Married/registered partner/liv-
ing together

Ref Ref Ref Ref Ref Ref Ref Ref

No partner/not living together 2.168 1.833 — — — — 1.401 1.337
Smoking exposure in parental house (age 
3m/2/3/6)

No smoking Ref Ref Ref Ref Ref Ref Ref Ref

Smoking 1.879 1.769 — — 1.350 1.234 1.632 1.411
Child’s BMI z-score age 0.25 1.000 — — — — —

age 0.5 — — — — 0.960 —
age 0.75 — — — — 0.887 —
age 1.15 1.071 1.043 — — 0.998 —
age 2 1.406 1.327 1.158 1.095 — —

Table 2  Prediction models for obesity at age 10–14 in children aged 0, 2, 4 and 6. Pooled odds ratios (exponential values of the beta 
(b) coefficients*) from the logistic regression models with LASSO penalty in the population for analysis N = 4,309 from the 20 imputed 
datasets
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Age 0 Age 2 Age 4 Age 6
age 4 1.948 1.812 1.676 1.477
age 6 3.335 2.864

Breastfeeding of child (age   3m/1/1/1) No, never Ref Ref Ref Ref Ref Ref Ref Ref
Yes, ever 1.098 — — — — — — —

Age fruit/vegetable introduction (age 6m) < 4 months Ref Ref Ref Ref Ref Ref
4–6 months — — — — — —
> 6 months 0.642 — 0.777 — 0.604 —

Sleep day (3m) 0–4 h Ref Ref
4–6 h 1.525 1.354
6–8 h 0.681 0.862
> 8 h 0.714 0.992

Sleep night (3m) < 6 h Ref Ref
≥ 6 h 0.864 0.986

Sleep (age 2) h/day — —
Screen time (age 2/4/6) h/day 1.023 — — — 1.071 1.038
Playing outside (age 3/4/6) h/day 0.942 — 0.814 0.876 0.956 —
Playing sports (age 6) No Ref Ref

Yes 0.897 —
Snack/soda during screen time (age 3) No, almost never Ref Ref

Sometimes — —
Often or almost always 1.795 1.356

Snack consumption (age 4/6) Number of snacks per day 
(age 6)

— —

Never (age 4) Ref Ref
Once per day (age 4) — —
2 or more times per day (age 4) — —

Sweet drinks consumption (age 4/6) Number of sweet drinks per 
day (age 6)

1.016 —

Less than 1 glass per day (age 
4)

Ref Ref

1 glass per day (age 4) — —
2 glasses per day (age 4) — —
3 glasses per day (age 4) — —
4 glasses per day (age 4) — —
More than 4 glasses per day 
(age 4)

— —

Breakfast consumption (age 4/6) Number of days per week 
(age 6)

0.946 0.981

Every day of the week (age 4) Ref Ref
6 days per week or less (age 4) 1.474 1.273

Cholesterol (age 6) mmol/L 1.065 1.019
HDL (age 6) mmol/L — —
LDL (age 6) mmol/L 1.047 1.002
Triglyceride (age 6) mmol/L — —
*. Exponential value of b coefficients (Odds Ratios) that contribute to the model (< 1: lower value predicts lower chance of obesity at adolescence; >1: higher value 
predicts higher chance of obesity at adolescence)

**. Restricted model; with less variables so the model becomes more suited to use in primary care; ‘one standard error rule’ was applied to select a more conservative 
penalty, resulting in a simpler model [42]

Empty cell: variable is not available for that timepoint

— does not contribute to model

Ref: reference category

 Predictors Cholesterol, HDL, LDL, and triglyceride at age 6 are often unavailable in practice. Models were rerun without these candidate predictors and did not yield 
large changes in estimator coefficients or model performance. Variable selection remained unchanged

Please see supplemental Text S3, for a detailed explanation on how to calculate the predicted risk for an individual using the prediction models

Table 2  (continued) 
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z-score measurements, child’s breakfast consumption, 
child’s cholesterol level and child’s LDL levels. Other 
predictors that were included in more than half of all full 
models were: mother’s age, sex of the child, household 
income, household size, smoking exposure in paren-
tal house, age fruit/vegetable introduction and playing 
outside. Please see supplemental Text S2, for a detailed 
explanation on how to calculate the predicted risk for 
an individual using our prediction model including an 
example.

Table  3 contains an overview of the model perfor-
mance metrics. All reported metrics range from 0 to 1, 
with higher values indicating better performance. Unsur-
prisingly, models incorporating data from later ages give 
better predictions than models for younger ages. All age 
models perform well (the lowest ROC AUC is 0.872 for 
the restricted infant model). There is improvement with 
increasing age until the age six years models, which have 
a ROC AUC of 0.954 (full model) and 0.949 (restricted 
model). Our models have high sensitivity and specificity, 
so they classify both true positives and negatives well. For 
our full infant model, only 12% of individuals predicted 
to become obese are correctly predicted, while age six 
years has the highest positive predictive value at 19.8%. 
The performance metrics of the restricted models are, 
although slightly lower, comparable to that of the full 
models.

Additionally, the cross-validation ranges show that our 
model performance metrics are sensitive to the sample 
selected.

Please see supplemental Tables S6, S7, and S8 for the 
results of the sensitivity analyses.

Discussion
This study aimed to predict the risk of children being 
obese at adolescence (10–14 years of age) with data avail-
able at age 0, 2, 4, and 6 years. The study created eight 
models that predict obesity, including full and restricted 
models for the different age groups. The final models 
included not only predictors measured at time of risk 
prediction, but also predictors collected at previous ages, 
e.g. parental BMI (prepregnancy/at enrolment), parental 
education level, ethnicity of the child, and the child’s pre-
vious BMI z-score. While the models showed high sensi-
tivity and specificity, the positive predictive value was low 
due to the small number of obesity cases in the sample. 
The combination of a high ROC AUC and a low positive 
predictive value indicates that the models were effec-
tive in predicting low obesity risk but produce a sizeable 
number of false positives when predicting those with an 
increased risk.

Findings in relation to other studies
Previous studies have developed childhood overweight 
and obesity prediction models for various ages (assess-
ment and outcome) and populations. The relevant pre-
dictors found are generally concurrent with our findings. 
In addition, the AUC of our model seems to indicate that 
it has a good performance/discriminative ability, also 
when considering other models.

A review from Ziauddeen et al. [32] on prediction 
models for childhood overweight and obesity included 
eight studies [16, 45–51] that developed prediction 
models in populations from Germany, Greece, Finland, 
the Netherlands, UK, and USA (Latino). Predictors that 
were included in half or more of the prediction models 

Table 3  Model performance metrics. Pooled within-sample performance is given for 20 imputed data sets (N = 4,309), alongside the 
mean and range of out-of-sample performance from 10-fold cross validation

Age 0 Age 2 Age 4 Age 6
Metric Full Restricted Full Restricted Full Restricted Full Restricted
ROC AUC Within-sample 0.883 0.872 0.887 0.876 0.909 0.903 0.954 0.949

Out-of-sample 0.862 
(0.746–0.909)

0.852 
(0.752–
0.903)

0.869 
(0.754–0.925)

0.863 
(0.754–
0.925)

0.891 
(0.798–0.946)

0.890 
(0.804–
0.946)

0.937 
(0.858–
0.974)

0.938 
(0.846–
0.975)

Sensitivity Within-sample 0.802 0.792 0.826 0.812 0.840 0.823 0.897 0.890
Out-of-sample 0.737 

(0.597–0.875)
0.738 
(0.622–
0.908)

0.777 
(0.581–0.896)

0.756 
(0.572–
0.912)

0.794 
(0.639–0.937)

0.796 
(0.668–
0.960)

0.872 
(0.683–
0.992)

0.870 
(0.667–
0.992)

Specificity Within-sample 0.800 0.791 0.798 0.788 0.823 0.817 0.876 0.871
Out-of-sample 0.801 

(0.781–0.834)
0.792 
(0.761–
0.828)

0.802 
(0.782–0.829)

0.791 
(0.771–
0.820)

0.823 
(0.797–0.848)

0.819 
(0.798–
0.838)

0.872 
(0.851–
0.904)

0.869 
(0.850–
0.903)

Pos. Pred. 
Value

Within-sample 0.120 0.114 0.122 0.115 0.139 0.133 0.198 0.190

Out-of-sample 0.112 
(0.086–0.146)

0.108 
(0.080–
0.147)

0.118 
(0.089–0.163)

0.110 
(0.084–
0.154)

0.133 
(0.104–0.183)

0.130 
(0.101–
0.174)

0.189 
(0.125–
0.250)

0.186 
(0.117–
0.249)

Sensitivity, specificity and positive predictive value based on a cut-off value of 0.5
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were gender, birthweight, maternal BMI, maternal smok-
ing during pregnancy and child growth measurements 
(weight change or standardized BMI). In addition, pater-
nal BMI was included in all the three studies that had 
considered it as a predictor. The majority of our predic-
tion models (both restricted and full models) also include 
maternal BMI, paternal BMI and child growth measure-
ments. Sex is included in three of our four full models, 
but only made it into the age 0 restricted model. Birth-
weight z-score is only included in our full model for 
age 0, this is probably because the most recent growth/
BMI z-score measurements are more indicative of future 
obesity for the models for age 2, 4, and 6. Smoking dur-
ing pregnancy is only included in our full and restricted 
models for age 0 and 2. Like one study in the review, we 
also considered smoking in the parental house as a pre-
dictor and it is included in the full and restricted models 
for age 0, 4 and 6. This could be an indication that not 
solely the smoking of the mother is of importance for the 
risk prediction of childhood obesity, but also that of other 
household members.

Predictors that are included in all of our (full and 
restricted) models beside parental BMI, are maternal and 
paternal education level and ethnicity of the child. These 
predictors were not as frequently selected in the study’s 
in Ziauddeen’s review [32]. Maternal education was only 
included in one of three studies considering the variable; 
paternal education was considered in one, but was not 
included in the model; and parental education was con-
sidered and included in one study. Ethnicity of the child 
was included only in one of three studies considering 
the variable as candidate predictor. The model develop-
ment ROC AUC of the studies ranged from 0.64 to 0.91 
(median 0.78, interquartile range (IQR) 0.70 to 0.81) [32], 
showing that our (restrictive) models had good perfor-
mance metrics with ROC AUC values of 0.872–0.949.

A review on prediction models for early Childhood 
Obesity by Butler et al. [52] included seven studies of 
which five [16, 47, 49–51] were included in the previously 
mentioned review by Ziauddeen et al. The two studies 
not included in the previous review were by Levine et 
al. [30] and Zhang et al. [53] and were both performed 
in UK populations. Levine et al. developed a model to 
predict obesity at 5 years of age and preselected the pre-
dictors parental obesity, early weight gain, ethnicity, 
birthweight and maternal education, but had no further 
selection process during modeling and had not reported 
an area under the receiver operating characteristic curve 
(AUROC) [30, 52]. Zhang et al. aimed to compare data 
mining methods with logistic regression in childhood 
obesity prediction. They developed models to predict 
overweight/obesity at 3 years using data by 6 weeks and 8 
months including birthweight z-score, time of gestation, 

sex, BMI, height z-score, length z-score, weight gain 
z-score. AUC’s ranged from 0.68 to 0.84 [52, 53].

A narrative review of machine learning studies that 
identify key determinants of childhood obesity by LeCroy 
et al. [54] concluded that during early to middle child-
hood, child’s weight history and parental overweight/
obesity (current or prior) are key determinants of child-
hood obesity risk, whereas social factors and physical 
inactivity appear to be important risk factors for obesity 
during middle childhood to adolescence. In our study 
we used predictor information from early childhood to 
middle childhood, showing similar results: key predic-
tors were child weight history (inclusion of at least the 
two most recent child BMI measurement in all mod-
els; except, the infant model where only birthweight is 
available and included in the full model, see Table  2) 
and prior or current parental BMI (where the models 
for age 6 included the mother’s current BMI in addition 
to pre-pregnancy BMI and father’s BMI at enrollment). 
Unfortunately, we did not have father’s current BMI 
measurement available to include as candidate predictor 
to see if a more recent BMI of the father could still have 
contributed to the model.

Two previous studies by Steur et al. [16] (included in 
the Ziauddeen review) and Welten et al. [17] had also 
developed prediction models in a Dutch birth cohort. 
Both the prediction models for overweight at the age 
of eight years were developed in the PIAMA (Preven-
tion and Incidence of Asthma and Mite Allergy) study. 
The model by Steur et al. can be applied at birth and the 
model by Welten et al. at every age between three months 
and six years. Predictors included in both these models 
were parental BMI, birthweight, sex, and smoking in the 
house. Predictors included in either of the models were 
hospital delivery (Steur et al.), ethnicity (Welten et al.), 
and growth characteristics at the time of risk predic-
tion (Welten et al.) (Steur et al. could not take this into 
account as it was a model to be applied to newborns)). 
A difference between our model and their models is that 
Steur et al.’s and Welten et al.’s models predict overweight 
at the age of eight years, while our model predicts obe-
sity at the age of 10–14 years. Like the study by Welten 
et al., we also found parental BMI, parental educational 
level, and child growth to be important predictors. 
Where Welten et al. developed one model to be applied 
at all ages between 3m-6y, we have created multiple mod-
els to be applied at set ages (0,2,4,6 years), allowing for 
age-specific predictors (and not only growth, longitudi-
nally included in Welten et al.’s model) to be included in 
the model to resemble the different periods of consul-
tation in Dutch Preventive Child Health Care [15]. The 
AUC after internal validation were 0.754 (Steur et al.) and 
0.845 (Welten et al.). The AUC of the models by Welten 
et al. before validation were also given per age group and 
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ranged from 0.822 to 0.942, with the highest AUC for the 
oldest age of assessment, this is similar to our models, 
but for a different outcome age.

See supplemental Text S3, for a further discussion on 
some remaining studies that developed prediction mod-
els, but were not included in the reviews or part of the 
Dutch cohort studies discussed above.

Strengths and limitations
A strength of this study is that we were able to use data 
from the Generation R Study, a population-based birth 
cohort. We could include many participants (N = 4,309) 
in this study over a long age range. Due to loss to follow-
up over time, with generally a higher proportion of lower 
socioeconomic status (SES) participants being lost, our 
sample may underrepresent low SES participants. The 
general characteristics of the mothers who were enrolled 
in the Generation R study at baseline, and who remained 
in the study until the child’s age of 13 years are shown in 
the design and cohort paper and compared to the base-
line characteristics, the mothers who still participated 
in the Generation R study at follow up were older, more 
frequently of Dutch nationality and higher educated 
[18]. The results of the sensitivity analysis comparing the 
population for analysis with the excluded participants 
seem to be in line with this, see supplemental Table S6. 
This is, as mentioned earlier, a pattern similar as in other 
large scale cohort studies. This selection towards a higher 
socio-economic status may have resulted in more con-
servative estimates of the prediction model and reduced 
generalizability towards groups of a lower socio-eco-
nomic position. Although, there is a selection towards a 
higher socio-economic status we believe the study pop-
ulation was still diverse. In addition, external validation 
of the model is still needed before applying the model in 
practice. Performing such external validations in a sam-
ple representative of the Dutch population and looking at 
specific subgroups could further enlighten if the model 
might be less generalizable for certain groups. Our study 
sample included children who were part of the same fam-
ilies. To look into the effects this could possibly have had 
on the study results we had conducted sensitivity analy-
ses. From our study sample, we selected at random one 
participating child per mother to be included in the new 
study sample. We ran our analyses again on the imputed 
dataset using this new sample. This resulted in similar 
findings.

Our outcome was obesity according to the Interna-
tional Obesity Task Force (IOTF) definition using age 
and sex specific cut-off values [26]. These cut-off values 
do not account for puberty stage. As our outcome was 
obesity assessed at age 10 to 14, it may be that puberty 
has affected our results. The number of obesity cases in 
the analysis sample was only 142 (3.3%). We used ROSE 

oversampling to focus prediction on the obesity/non-
obesity difference, but due to the low obesity prevalence, 
we found positive predictive values ranging from 11.4 to 
19.8%. The prevalence of obesity in the sample is simi-
lar to the population for all children in the Netherlands, 
where the prevalence was 3.5% in 2021 [4]. Within the 
children at 6 years who were incorrectly predicted as 
obese, there is a larger proportion of children (51.0%) 
with actual overweight at 10–14 years of age, compared 
to the proportion with overweight within the whole 
group (13.5%). Since overweight is a pre-condition for 
obesity, preventive measures aimed at reducing obesity 
risk by promoting a healthy life style might also benefit 
these children classified as false positive. However, it is 
then important that preventive measures are non-inva-
sive and avoid stigmatization or the development of eat-
ing problems.

We chose to develop a prediction model that could be 
applied to all children (obese and non-obese at time of 
prediction). This way risk estimates for future obesity can 
be provided for all children visiting the Dutch Preventive 
Child Health Care, supporting health professionals in 
their decision making. For this purpose the model would 
not only need to perform well in children who are already 
obese at time of risk estimation, but also in those chil-
dren that are not yet obese at time of risk estimation but 
will be in the future. Therefore, we have performed sen-
sitivity analyses to assess the sensitivity of the full model 
at age 6 in children without obesity at time of risk predic-
tion. Using a threshold of 0.5, the sensitivity of the model 
as previously assessed in all children was 0.897 (Table 3) 
and in the subsample of children without obesity at time 
of risk assessment it was 0.854 (Table S8). This would 
indicate that the sensitivity is not only good in children 
that are already obese at time of risk prediction.

Practical implications
Prevention of obesity, rather than treatment, is the more 
effective strategy [52]. Evidence suggests that greatest 
reduction in obesity is likely when targeting children at-
risk at very early age (< 5 years), as reductions are more 
difficult to achieve at later age [55–57]. Multicomponent 
interventions that focus on lifestyle changes, targeting 
physical activity, nutrition, behaviour change, as well as 
parental involvement are key to the treatment of obesity. 
The model presented could be used to early detect chil-
dren at-risk and provide timely support.

External validation is needed before the model is to 
be used in practice. Assuming such validation does not 
uncover inherent weaknesses, the model is suitable for 
application in the Dutch Preventive Child Health Care. 
A personalized risk prediction can support preventive 
child health care professionals in their decision making, 
enhance the registration and monitoring of important 
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predictors for obesity, and enable preventive care tar-
geted to the child [52]. External validation would also be 
needed to determine how well generalizable the predic-
tion models are for other populations than the Dutch 
children or specific subgroups.

The performance of the prediction models improves 
with later age. This is logical since the duration between 
predictor measurements and the outcome becomes 
shorter, making it easier to estimate more reliable risk 
estimates. However, at later ages the possibilities for 
intervention strategies decrease. It is therefore important 
that health care professionals take into account at what 
ages to apply the prediction model, taking into consid-
eration the intervention or course of action they want to 
take for children identified as being at increased risk for 
being obese in the future.

The sensitivity, specificity and positive predictive values 
of the model are dependent on the risk threshold that is 
chosen, see supplemental Table S7 for the models’ pre-
dictive performance using cut-off values of 0.25 and 0.72 
instead of the 0.5 as reported in Table 3. It is important 
that users of the prediction model carefully consider the 
potential impact of false-positive versus false-negative 
predictions when choosing a risk threshold. These con-
sequences of false-positives and false-negatives will be 
dependent on the intended course of action after a posi-
tive/negative risk prediction. Health care professionals 
could therefore set different risk thresholds depending on 
the intended intervention to be taken after a positive risk 
prediction. These interventions or courses of action will 
preferably be included in (clinical) guidelines with infor-
mation on the risk threshold and specified for different 
ages and target populations.

In addition, as Levine et al. [30] argued, it is important 
that health care professionals perform the risk assess-
ment with sensitivity to the parent’s concerns and per-
ceptions. For older ages, this would also include those 
of the child. The introduction of a risk prediction tool 
might call for training of health care practitioners on 
the appropriate usage of the prediction tool, explaining 
the concept of risk to the parents and the difference in 
individual and population risk [30]. Also, professionals 
should anticipate the different types of possible responses 
by the parents such as: seeking guidance and reassurance; 
feeling stigmatized or antagonized possibly resulting in 
refusal to cooperate with the health care professional 
and disregarding advice; or becoming so alarmed that 
they will take inappropriate course of action [30]. Some 
strategies, when communicating with parents, include 
focusing on understandability of risk using compara-
tive risk information (e.g., comparing to the average risk 
of a person of that age) [58], emphasizing risk mitiga-
tion in actionable steps [59] and using positive framing 
by shifting communication from weight to health [60]. 

The application of these models can be embedded in the 
Dutch Preventive Child Health Care (DPCHC) guideline 
on childhood overweight [14]. This study already shows 
that the invasive blood samples at age 6 years to measure 
cholesterol, HDL and LDL did not add to the predictive 
value of the model, while monitoring maternal and pater-
nal BMI alongside the child’s BMI does add predictive 
value. However, further exploration is needed to show 
how exactly the application of predictive risk models will 
improve decision-making in a preventive care setting, for 
example in a predictive tool. The advantages of predictive 
modelling include objectivity, explicitness, and repeat-
ability. But these alone are not enough. We need more 
insight into the role of predictive models in the counsel-
ling process. Predictive models could help communicate 
risks, gain insight into the effect of various treatments, 
and monitor the realized gains resulting from such inter-
ventions. The development of a predictive risk model, as 
in this paper, provides a sensible starting point for such 
explorations.

Conclusions
In this study, prediction models were developed for pre-
diction of obesity at adolescence using data available at 
age 0, 2, 4, and 6 years for early monitoring and preven-
tive purposes in Dutch Preventive Child Health Care. 
Predictors that were included in all the models that they 
were considered a candidate predictor for, were the base-
line variables mother’s prepregnancy BMI, father’s BMI 
at enrolment, mother’s and father’s educational level, 
ethnicity of the child; and the time-dependent variables 
mother’s current BMI, the two most recent child BMI 
z-score measurements (BMI as monitored in Dutch Pre-
ventive Child Health Care), child’s breakfast consump-
tion, child’s cholesterol level and child’s LDL levels. The 
models showed high sensitivity and specificity. However, 
the positive predictive value was low due to the small 
number of obesity cases in the sample. The restricted 
model contained less variables than the full model, mak-
ing it more practical for use in daily practice, while being 
comparable in model performance. These models could 
be a valuable tool in Dutch Preventive Child Health Care 
for predicting obesity in adolescence. The practical appli-
cation of these models, for example in a predictive tool, 
should include weighing the harms and benefits of cor-
rect and incorrect predictions in the context of tailored 
advice and interventions that are applied.
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USA	� United States of America
WHO	� World Health Organization
y	� Years
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