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Abstract

Non-communicable diseases (NCDs) have become a significant
public health challenge in developed countries, driven by com-
mon risk factors such as obesity, low physical activity, and un-
healthy lifestyle choices. Early childhood and adolescence are
crucial for establishing healthy behaviours, and early interven-
tion can play a crucial role in preventing or delaying the onset
of NCDs later in life. However, current tools for identifying high-
risk individuals are primarily designed for adults, which results
in missed early detection opportunities in younger populations.
The SmartCHANGE project (https://smart-change.eu/) seeks to
bridge this gap by developing reliable Al tools that assess risk
factors in children and adolescents as accurately as possible while
promoting optimized risk reduction strategies.

In developing the risk assessment tool, we addressed the chal-
lenge of merging diverse datasets, predicting missing data to cre-
ate longitudinal datasets, implementing existing validated models
for diabetes (QxMD) and cardiovascular disease (SCOREZ2), and
ultimately creating a simple online application to demonstrate
the functionality of the developed risk tool.
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1 Introduction

In developed countries, non-communicable chronic diseases (NCDs)

have emerged as the foremost public health challenge over recent
decades. According to the World Health Organization (WHO),
NCDs account for more than 70% of mortality in the European
region [18]. Common risk factors for NCD include obesity, poor
physical fitness, and unhealthy lifestyle habits such as inadequate
physical activity, sedentary behaviour, poor nutrition, insufficient
sleep, smoking, and excessive alcohol consumption. Embracing a
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healthy lifestyle can improve physical, social, and mental well-
being, especially among youth, while mitigating the risks of
NCD-related morbidity and mortality [15], [14], [5].

Traditionally, clinical prevention strategies for NCDs have
been directed at adults, as the risk factors typically become ev-
ident in adulthood. However, recent evidence suggests that fo-
cusing interventions on children and adolescents can be a more
effective strategy for reducing NCD risk through behaviour mod-
ification [13]. While NCDs may not appear in childhood or ado-
lescence, early signs can alreadexistnt. Tackling risk factors and
promoting healthy habits during these stages can prevent or de-
lay NCDs later in life [12]. Childhood and youth are also crucial
periods for establishing healthy lifestyle habits. Since risk fac-
tors for NCDs often persist from childhood into adulthood [9],
early risk assessment and reduction of risk factors can potentially
lower the incidence of NCD. Lastly, NCDs in youth are a signifi-
cant global health challenge, with nearly one in five adolescents
worldwide being overweight or obese [1].

Identifying high-risk individuals for future health problems
is essential for targeted preventive interventions. Existing tools
focus mainly on adults [6], for instance predicting 10-year risk of
developing cardiovascular disseased [17] or diabetes [8], missing
the opportunity to identify high-risk individuals during child-
hood and adolescence, a critical period for forming lifestyle habits.
However, recognition of health risks is not a trivial task. For
instance, only 35% of doctors in the UK are aware of the rec-
ommendations for physical activity, and only 13% can specify
the recommended weekly duration. Moreover, more than 80% of
parents of inactive children incorrectly believe that their children
are sufficiently active [4]. Developing risk prediction tools for
children and youth would significantly improve NCD prevention
and promote cost-effective strategies.

This paper presents the development of an initial demo ap-
plication of a risk assessment tool designed for children and
adolescents in the SmartCHANGE project [3] - merging datasets,
predicting missing data to build longitudinal datasets, and im-
plementing existing validated models for diabetes (QxMD) and
cardiovascular disease (SCORE2) and finally, the application de-
velopment.


https://doi.org/10.70314/is.2024.scai.8844

Information Society 2024, 7-11 October 2024, Ljubljana, Slovenia

Table 1: Overview of Selected Datasets

Dataset Name SLOfit LGS YFS AFINA-TE
Country of Origin SI BE FI PT
Age Range 5-20  5-25  0-60 5-25
Longitudinal Study Yes Yes Yes No

# of Participants 280,165 17,991 3,596 1,632

# of Measurements 3,121,399 31,127 32,364 1,632

# of Variables 13 80 24 59

% of Missing Values 2.55% 16.25% 39.49% 33.53%

2 Methodology
2.1 Datasets

To estimate the risk of non-communicable diseases in children,
ideally, one would need a dataset that tracks risk factors from a
young age (when the prediction is made) to an older age (when
these diseases typically emerge). Such comprehensive longitu-
dinal datasets would allow for accurate predictions of an indi-
vidual’s likelihood of developing a disease later in life based on
their early risk factors. However, such datasets are currently un-
available, so we must rely on a collection of partial and often
heterogeneous datasets.

In our study, we have chosen 16 types of variables that are
used by risk models SCORE2 [17] and QxMD [8]. The datasets
we were using are described in Table 1. The SLOfit program is a
school fitness monitoring initiative in Slovenia [11]. The Leuven
Growth Study (LGS)[2, 16] is a longitudinal study initiated in
1969 that evaluates physical fitness. The Cardiovascular Risk in
Young Finns Study (YFS)[10], started in the late 1970s, focuses on
early cardiovascular disease risk factors. The AFINA-TE dataset
[7] is part of an intervention program in Portugal designed to
enhance physical fitness, activity, and nutritional knowledge
among children and adolescents.

2.2 Data Imputation Through Datasets

The first step involved imputing missing values within each
dataset (see Figure 1 for representation). To guide this process,
we calculated the coverage for each variable. Initially, we used
only fully observed variables—such as height, weight, and sex—as
features in models to impute missing values for other variables.
The variables were imputed based on their coverage using ma-
chine learning on existing features. After this initial imputation
sweep, we had a complete, though potentially imperfect, dataset.
In the second sweep, we treated all columns as complete, incor-
porating the newly imputed values from the first sweep. This
allowed us to train models with a more comprehensive dataset,
improving the accuracy of the imputation.

2.3 Longitudinal Data Imputation

In the second step, we employed a similar approach but focused
on merging the datasets to fill the new merged dataset longitudi-
nally (see Figure 2 for representation). To maximize their overlap,
we treated certain variables as equivalent—such as vertical jump
from the LGS dataset and standing long jump from the SLOfit
dataset.

Since the raw values of these variables differ, we standardized
them by converting them to z-scores, which were calculated as

follows:
variable — mean

z_score = .
- standard_deviation

Trovato et al.
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(a) Example of the datasets pre-imputation.
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(b) Example of the datasets post-imputation.

Figure 1: The YFS dataset (blue) covers a broad range of vari-
ables across a wide age span but includes a relatively small
number of participants. In contrast, the SLOfit dataset
(green) has many participants but includes fewer variables
over a shorter age span. In the first step, we imputed the
missing variables across the datasets (grey).
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Figure 2: Longitudinal filling of the datasets.

For instance, a vertical jump one standard deviation above the
mean in the LGS dataset was considered equivalent to a stand-
ing long jump one standard deviation above the mean in the
SLOfit dataset. After matching and standardizing the columns
across datasets, we merged the individual datasets into a single,
comprehensive dataset and repeated the imputation process.
With a merged dataset free of missing values, we built models
to predict attribute values at age 55—the oldest age supported
by our data—using values from age 14. Due to the lack of data
covering the entire age range from 14 to 55, we approached this
in two stages: predicting from age 14 to 18 and then from 18 to
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Figure 3: Population-based approach using z-scores.

55. The models used were simple neural networks with a single
hidden layer.

This individual forecasting approach required available data
for the same person from the start to the end age. However,
since we had more data available for different people of various
ages, we also explored a population-based approach to forecast
the typical evolution of each variable. While this method is less
personalized, it is also less prone to anomalies caused by atypical
individuals. In the population-based approach, we again used z-
scores, assuming that each person’s z-score remains constant. For
example, if someone’s blood pressure is one standard deviation
below the mean at age 14, it is assumed to stay one standard
deviation below the mean at age 55 (see Figure 3).

2.4 Risk Models

The SCORE2 and QxMD models were used in the application
to assess cardiovascular disease and type 2 diabetes risk. These
models were chosen for their validity, robustness and effective-
ness in predicting these chronic conditions. By incorporating
both, healthcare practitioners can comprehensively evaluate car-
diometabolic risk factors, aiding in well-informed patient man-
agement and intervention decisions.

The SCORE2 model, developed by the European Society of
Cardiology, estimates the risk of cardiovascular events over ten
years. It calculates the risk score by incorporating variables such
as age, sex, smoking status, blood pressure, and lipid profile. Ad-
ditionally, SCORE2 considers regional variations in risk factors,
providing more accurate predictions tailored to specific popula-
tions [17].

The QxMD Diabetes Risk Calculator, a comprehensive clinical
decision support tool, is employed to evaluate the risk of devel-
oping type 2 diabetes mellitus. This model integrates risk factors,
including age, BMI, family history, physical activity level, and
dietary habits, to estimate an individual’s diabetes risk [8].

3 Evaluation

Table 2 presents the cross-validated evaluation results of our
forecasting models. As anticipated, the errors in the first stage
of individual forecasting are shallow due to the relatively short
period. The emistakesin the second stage are higher but still con-
sidered acceptable, with the notable exceptions of weight and
smoking. We hypothesize that the high variability during puberty,
which many adolescents experience around age 14, complicates
accurate weight forecasting. In population forecasting, the errors
are generally more significant, which aligns with the less per-
sonalized nature of this method. However, weight is forecasted
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Ind. 18 Ind.55 Pop.
Height [cm] 311 347 1.62
Weight [kg] 479 1360 1058
SBP [mmHg] 1.46 239 1091
Total cholesterol [mmol/L] 0.05 0.10 0.64
HDL [mmol/L] 0.02 008  0.21
LDL [mmol/L] 0.05 017 051
Smoking [1-9] 1.01 172 226

Table 2: Mean absolute error for individual forecasting to
ages 18 and 55, and for population forecasting.

with greater accuracy in this approach. In the future, we may
explore combining both methods or select the more accurate one
depending on the variable.

4 Demo Application

To show the general idea of the project, we constructed a demo
application implemented with Python in the Dash framework.
In the app, a user can specify the inputs (some inputs, such as
steroid use, were fixed to make the app more concise) to the
models, which in turn yielded two plots which showed how
the cardiovascular and diabetes risk evolved from the currently
selected age up to an age of an older adult, at age 55. In a different
plot, we also showed how a risk factor chosen changes over time.

4.1 Risk Prediction using Demo Application

The developed demo application interface offers a dynamic tool
for visualizing health risks based on various user-input parame-
ters used in risk models (Figure 4). By allowing users to adjust
these parameters, the dashboard generates real-time projections
of two key risk metrics: a 10-year cardiovascular risk score and
a 10-year risk of developing diabetes. These risks are shown in
two line graphs, illustrating how these conditions’ probability
evolves with age. Additionally, the dashboard includes a feature
that tracks the progression of a selected health parameter (BMI,
systolic blood pressure, total cholesterol, HDL) over time, provid-
ing insight into how this factor might change as the individual
ages. The developed tool intuitively explains how lifestyle and
physiological factors contribute to long-term health risks, offer-
ing valuable insights for clinical decision-making and personal
health management.

4.2 Further Development of the Application

The current version of the demo application is developed based on
the data and models currently available. However, there remains
an open question regarding the specific needs and preferences of
the medical experts who will ultimately use the final application.
To address this, we plan to present the current version to these
experts and, based on their feedback, refine and enhance the
application in subsequent iterations.

5 Conclusion

The SmartCHANGE project represents a significant step toward
improving the early detection and prevention of non-communicable
diseases (NCDs) in children and youth. While the tool presented
in this paper is a demo version demonstrating some basic func-
tionalities, our future work will focus on developing a more
comprehensive web application for medical professionals and a
mobile application for families. We also plan to enhance the tool
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Figure 4: The figure is a dashboard interface that allows users to input various health-related parameters and observe the

evolution of associated risks over time.

by replacing the current SCORE2 and QxMD risk models with
more advanced models—Test2Prevent for diabetes and Healthy
Heart Score for cardiovascular disease—incorporating features
related to diet and physical activity. Additionally, the application
will be updated to meet medical experts’ needs based on their
feedback.
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