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BMI Prediction for 10-Year-Old:

Using Time Series And Demographic Features

Shweta K Bhiwapurkar

Obesity is a condition wherein excessive fat accumulation in the body can impair health or can be a
source of other diseases. Recent research shows that there is an alarming increase of obese children
around the world. If childhood obesity is predicted at an early stage, then necessary steps can be taken
to lower future disease risk. In the past, studies on this topic were mostly about classification of obesity
levels and not BMI prediction in general. This study about predicting BMI values for 10-year-old Dutch
children using longitudinal BMI and static demographic data with more emphasis on predicting
accurately for overweight children. This is done by comparing four machine learning models to
understand which performs best in predicting BMI values. ARIMA, XGBoost, LSTM and RNN models
were built to predict the BMI values for children aged 10. The results show that all the models perform
almost same as the baseline linear regression model with LSTM performing slightly better on predicting
BM for overweight children. The four models have MAE in the range 1.4-1.7 and R-square in the range
0.48-0.54. This study also implements two resampling techniques to obtain balanced datasets. The
results also show that the models predict better with a balanced larger training set. Since all the models
performed equally, future research should focus on an ensemble of models with a larger training set.

1. Legal & Ethical Considerations

This study was conducted in collaboration with Esculine, a company specializing in business
intelligence and health analytics solutions for health care institutions. Since healthcare data falls in
the category of personal sensitive data, privacy is an important concern and needs to be protected
under GDPR. Also, under GDPR informed consent by the data subject is a requirement in order to
process the data. However, for this study, the data provided was completely anonymized hence GDPR

and explicit consent does not apply (GDPR EU Recital 26 ). From the ethical perspective, it is essential

that the models are not biased in their predictions. Poor representation of the data can cause the
model to be biased towards the majority class. Hence resampling techniques are deployed to ensure

that the training data is a balanced representation of the classes.



2. Introduction

According to the WHO, 13% of the adult population in the world were obese in 2016 and this number
is rising across the world. Sedentary lifestyle, foods high in refined sugars, little to no physical activity
are some of the important causes of obesity in adults. Obesity is a major risk factor for diseases like
cardiovascular diseases, diabetes, cancers. Worldwide prevalence of obesity has increased in the last
few decades. The statistics for childhood obesity are no different. It is estimated that currently 38.2
million children under the age of 5 are obese or overweight (WHQO). In 2016, over 340 million children
of age group 5-19 were obese or overweight. In the US, childhood obesity is a serious problem with
more than 24% of children aged 2-4 classified as obese. In 1990 the Netherlands had 14% of obese

children which has gradually increased to 20% by 2016 (Ritchie et al., 2017). This trend is more visible

in the developing countries, especially in the mid to low-income population groups (Chung et al.,
2016). Obesity is a chronic disease which begins early in the life. Once established it is quite difficult
to root out, as sedentary lifestyle and unhealthy food habits are deeply rooted especially in
adolescents. Hence it is important to prevent childhood obesity by implementing strategies which can
effectively help in its prevention. In order to achieve this, predictive modeling can be helpful to identify
high-risk children so that personalized and cost-effective strategy can be built. Obesity level is
measured by Body Mass Index also known as BMI. BMI is defined as: “a simple index of weight-for-
height that is commonly used to classify underweight, overweight and obesity in adults” (Ritchie et
al., 2017). The higher the BMI, the higher is the risk of certain diseases like diabetes, heart disease,
cancer, blood pressure. The risk of developing obesity as an adult is higher if the person is obese as a

child (Singh et al., 2008).

In the Netherlands, children have regular visits to the pediatric doctor (Jeugdgezondheidszorg
- JGZ) from birth till age 5. After age 5 there is no regular contact with the JGZ until the child is 10 years
old. It therefore becomes more important to predict BMI in the initial life of children and understand
which trajectory (obese or not obese) a child will follow so that preventive measures can be taken in

time. With these preventive interventions in early childhood, future obesity related diseases and



obesity can be reduced which can further help in reducing healthcare costs and overall improvement
in personal health. With the issue of shortage of trained medical personnel being at an all-time high,

better predictions can also help to effectively plan the available resources.

There have been few models developed for prediction of obesity for children of different age

groups using statistical methods (Morandi et al., 2012, Weng et al., 2013, Graversen et al., 2014).

Recently machine learning models and neural networks have been explored for obesity predictions

(Hammond et al., 2019, Pang et al., 2019, Zheng and Rugggiero, 2017). Although statistical models,

machine learning and neural nets gave promising results, they were mostly used for obesity
classification. Another type of prediction method is Time Series forecasting. This method is to forecast
future events based on known past events. This method has been most commonly used to predict
progress of disease, forecast healthcare cost and estimate mortality rate in healthcare domain.
Although time-series prediction is very common in healthcare domain, it has rarely been applied on
BMI prediction. As the data used for this study consists of longitudinal BMI data, four time-series
models are built using this longitudinal data and static features and their performances are compared.
The compared four models are ARIMA, XGBoost, RNN and LSTM. The model comparison aims to

answer the following research question:

1) Which time-series based machine learning model is best in predicting BMI values (of

children aged 10 in Netherlands)?

It is common practice to follow BMI definitions provided by WHO or CDC for adults. However, in
case of children, due to high variability in the height and weight the standard WHO definitions do not
apply. Instead, BMI cut-offs are determined by age and gender-based BMI distribution of the
population. For example: In Netherlands, a 3-year-old male with BMI greater than 18 will fall in the
overweight category, but a 3-year-old female with BMI greater than 17.5 will fall in the overweight
category. As the BMI values differ between male and female gender for children, this research

question is further sub-divided into following sub-question:



Sub-question 1.1: Does a gender specific time-series model outperform the general model?
Inthe real world, data imbalance is ubiquitous. Data often exhibits skewed distributions, where certain
target values have very few observations. This skewness is not very obvious in a regression problem
as compared to a classification problem. In order to mitigate this imbalance problem, two data
resampling or balancing techniques are applied in this study which gives rise to the following research
question.

2) Does a balanced distribution of the target (continuous) feature help with improving the

predictions?
The main findings of this study show that although none of the models outperformed the baseline
significantly, the models did perform better with a balanced and a larger training set. To obtain a
balanced dataset, two resampling techniques are implemented — Random Under Sampling and
SMOTEr. As expected, with a better representation of the samples the models performed better on
the balanced sets, however all the models performed similar upon comparing the different evaluation

metrics.

3.Related Work

Technology has now become an integral part of our lives. With digitization of hospital and clinic
systems, huge volumes of data are now available for analysis. An EHR (Electronic Health Record) is a
digital file providing patient’s medical and treatment history that makes information available
instantly which can be leveraged with machine learning (ML), deep learning (DL) and artificial
intelligence (Al) to identify diseases and diagnosis, personalized care, better health record
management, etc. Predictive modelling has also been quite popular in the healthcare sector. This
section highlights the different applications of machine learning and artificial intelligence on previous

work done on childhood obesity predictions



3.1 Predicting Childhood Obesity With Statistical Models
In the past studies, statistical models have been researched upon extensively to predict childhood
obesity. Due to clinical interest in detecting conditions leading to pathological complications, most of

the statistical models were for classification of obesity levels - overweight, obese (Colmenarejo, 2020).

The most popular model is logistic regression, applied to predict binary results like being obese vs not
obese. Most of the statistical models predicting childhood obesity had common predictor variables.
The most popular ones were gender, parental BMI, parental education, birth weight, vital signs,
smoking during pregnancy. A comprehensive comparison of different statistical models for predicting

childhood obesity is done by Colmenarejo (2020). The major limitation in these studies was missing

data at random, reducing the population size considerably. Also, in this era of Big Data, statistical
models cannot handle high-dimensional data and hence they usually underperform when compared

to machine learning models.

3.2 Predicting Childhood Obesity using Machine Learning models
With the popularity of machine learning models in healthcare, there has been quite a number of
studies on using machine learning models for childhood obesity prediction. Recently, EHR data have

been widely used in machine learning models as it has vast amount of information which can be used

to learn or predict about diseases and or medical conditions (Rajkomar et al., 2018, Obermeyer et al.,

2016).

There are some researches using machine learning techniques to predict childhood obesity or

BMI of which two were most relevant to this study. The first one is the one done by Gupta et al (2019).

This study used EHR data from Nemours Children Health System to predict BMI, which is further used
to classify children as obese or non-obese. The LSTM model proposed by the study uses attention
modelling to make the predictions interpretable and predicts obesity status at three different points
in the future. The study compares performance of proposed LSTM model, random forest regressor

and linear regression. The LSTM model performs much better as compared to the two baseline



models. For different prediction ages, the accuracy ranged from 0.75 to 0.92 for the LSTM model. The

second one is by Singh et al (2020). This study evaluates seven ML algorithms using BMI values from

ages 3, 5, 7 & 11 to classify a child as obese or overweight at age 14. Issue of data imbalance was
handled by Synthetic Minority Oversampling Technique (SMOTE). Algorithms which performed poorly
on imbalanced dataset performed much better with balanced dataset. Among the seven algorithms
compared, Multi-layer Perceptron (MLP) performed the best with a balanced dataset with an accuracy

of 0.96.

Another novel approach to predict BMI was to use facial images. This research done by

Siddiqui et al (2020) was mainly concentrated on adult facial images. Five different deep learning

models were evaluated, namely VGG19, ResNet50, DenseNet, MobileNet and lightCNN and their
performances were compared. DenseNet and ResNet gave superior performances with mean absolute
error (MAE) of 1.39 and 1.04 respectively as compared to other three models (VGG19-1.49,

MobileNet-2.10, lightCNN-1.90).

3.3 Time-series Prediction In Healthcare

Healthcare or EHR data has abundant time series information. However, data is recorded at different
time intervals for different individuals. This makes the data sparse. Also, sometimes it has missing data
or wrong data entry due to human error. Hence a raw time series data needs quite a large amount of
preprocessing to make it model ready for accurate predictions. Nevertheless, this method of
prediction is quite popular in healthcare domain. A typical application of time series forecasting in the

health domain is to predict healthcare cost (Morid et al., 2019). Some other applications of time series

forecasting methods in healthcare domain are predicting patient count in emergency department

(Choudhary et al., 2020), inpatient admissions (Zhou et al., 2018), expenditure on medications

(Kaushik et al., 2020), healthcare waste generation (Chauhan et al., 2017), etc. A study by Monteiro et

al., (2005) showed that longitudinal obesity-related measures (like weight, BP) have a high association



with the future obesity patterns. A highly accurate forecast can help to better plan and allocate

economic as well as human resources.

3.4 Data Imbalance In Regression

Data imbalance is an unexplored area in a regression problem. Similar to a class imbalance in a
classification setting, data imbalance in regression can cause an algorithm to overfit due to
distribution bias. There have been few strategies proposed to mitigate this issue like random under
and over-sampling, Synthetic Minority Oversampling Technique for Regression (SMOTEr) and

Weighted Relevance-based Combination Strategy (WERCS). SMOTEr proposed by Torgo et al., (2013)

is based on SMOTE algorithm. SMOTEr randomly under samples normal observations and over

samples extreme or rare observations using a relevance threshold. Branco et al., (2019) proposed

WERCS which is an informed combination of under and over sampling based on a relevance
threshold. This user defined relevance is then used as weights for sampling. Studies implementing

these data balancing strategies in regression are very rare.

As described in the sub-sections above, most of the models built using either statistical or machine
learning methods were for classification of obesity and not predicting BMI values. As per the BMI
chart followed in the Netherlands, a 10-year-old is considered obese if he/she has BMI greater than

19.86/19.84 respectively (GROEIDIAGRAMMEN IN PDF-FORMAAT). A child with predicted BMI of 25

might need a different care plan than one predicted with 20. As most of the existing studies are
about classification, this study on predicting BMI values at age 10 can help the medical professionals
to plan better intervention strategies based on the predictions. Predicting BMI values is a regression
problem for which no prior suitable studies exist to be used as a baseline. Hence, a simple linear
regression model is built to be used as a baseline. The data used in this study is highly imbalanced
with majority of records for children with normal BMI, hence data balancing strategies are

implemented to reduce distribution bias.


https://doi.org/10.1007/978-3-642-40669-0_33
https://doi.org/10.1016/j.neucom.2018.11.100

4.Methods

As mentioned in the introduction section, four different models are built to predict BMI values for
children aged 10. These four models are selected because they are the most commonly used models
in time-series prediction. This section will briefly explain about these four models. Furthermore, a brief
explanation is given for feature selection, resampling strategy implemented for this study and

hyperparameter optimization technique.

4.1 ARIMA
ARIMA stands for Autoregressive Integrated Moving Average. This model is very popular in forecasting

future demand. The model is useful to understand past data or predict future data in a series.

An ARIMA model has three parameters: p, d and g. p is the order of the autoregression term. q is the
order of the moving average term. d represents how many times the term has to be differenced in
order to make the time series stationary. As the name suggests, ARIMA is an integration of
Autoregression and Moving average models.

Hyndman et al., (2018) explains the autoregression and moving average as:

“In an autoregression model, we forecast the variable of interest using a linear combination
of past values of the variable. The term autoregression indicates that it is a regression of the

variable against itself.

Thus, an autoregressive model of order p can be written as

Ve=Ct Py 1+ Ve + o+ Gpyep T &

A moving average model uses past forecast errors in a regression-like model.

yo=Ccte+018 1+ 06 5+ +06

where &; is white noise.”



An autocorrelation plot and partial auto-correlation plot can be used to determine the value for p and
g respectively. The time series input to ARIMA must be stationary. A stationary time series can be

obtained by subtracting the previous value from the current value (Prabhakaran S, 2021). For a

stationary time-series, d = 0.

4.2 XGBoost

XGBoost stands for Xtreme Gradient Boosting and is an ensemble algorithm for classification and
regression. It was initially developed by Tiangi Chen and described in their 2016 paper “XGBoost: A
Scalable Tree Boosting System”. The major advantages of XGBoost are execution speed, scalability and

model performance (Chen et al., 2016). Real world data can be sparse or have missing data, XGBoost

is designed to handle sparse matrix or missing data. In the boosting ensemble approach, the trees are
built sequentially. Each subsequent tree tries to reduce the errors of the previous tree. Hence, all the
trees learn from its predecessors and the next tree in sequence will learn from previous errors.
Although XGBoost is more popular for regression and classification tasks, it can be used for time-series

forecasting as well.

Every ML algorithm needs to be optimized to reduce error. XGBoost is trained by minimizing

loss of an objective function against a dataset (Brownlee, 2021). A loss function must be selected

during the optimization process to calculate the error of the model. XGBoost has various built-in loss
functions for classification and regression tasks. The loss functions can also be customized to improve
model performance. The goal of this study is to predict better on the extreme BMI values. The typical
regression evaluation measures like mean squared error are sensitive to outliers. Hence a custom loss

function is built to predict better for the extreme BMI values.

4.3 Artificial Neural Network
Neurons are fundamental units of brain which carry electrical impulses and an Artificial Neural
Network (ANN) simulates this network of neurons. The network of neurons called as ‘units’ in ANN

terminology are interconnected with each other. A typical neural network has at least 3 layers or units,


https://www.linkedin.com/in/tianqi-chen-679a9856/
https://arxiv.org/abs/1603.02754
https://arxiv.org/abs/1603.02754
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input, hidden and output. The input layer receives the input which then goes through one or more
hidden layers. The output of hidden layer is determined by the weights of the connections between
input and hidden layer. This output is then fed into next hidden layer or an output layer which is
dependent on weights between hidden and output layer (Hinton, 1992). The network learns more

about the data as it goes through each unit.

Two different forms of ANN will be implemented in this study, namely Recurrent Neural Networks
(RNN) and Long Short-Term Memory (LSTM). An input to any neural network is a vector of numbers.
The data for this study consists of both numeric and categorical features. In order to use these
categorical features as an input to the neural network, these features are transformed into a smaller

denser space using user defined embedding space.

4.3.1RNN

RNN is one of the basic forms of neural networks. Because of their internal memory feature RNN are
preferred for sequential data like financial, text, time-series. A typical neural network processes the
input and provides an output. However, in RNN each input is dependent on the previous one for
making a decision and uses a method called backpropagation to loop information back in the network.
Due to this dependency RNN’s are not suitable for long sequences. This dependency is also called as
vanishing gradient problem which slows the training process for RNN. For this study, the input to the
RNN network was a concatenation of embedding layer and the numeric features. The number of dense

layers and the size of units was determined using Bayesian Optimization.

4.3.2LSTM

As the name suggests LSTM can store information in memory for a longer time. LSTM solves the
vanishing gradient problem of RNN and hence performs better. For this study, the LSTM network is
built as shown in Figure 1. This was inspired by the architecture implemented in the study by Gupta
et al., 2019. Categorical input layer is transformed using embeddings and concatenated with numeric

input data. The LSTM model is trained with longitudinal BMI data. The output of LSTM layer is
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concatenated with embedding and numeric input and passed thru a dense layer to predict the final

BMlI value.

Figure 1

Overview of the LSTM model

[ Numeric data ]
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—’[ Concatenate ]—
[Concatenate ]—» Output
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network

\4

[ Embedding Layer ]

[ Categorical Input ]

BMI Input

4 A Feature Selection

The main goal of any feature selection method is to select only those features which contribute to
better predict target variable. For regression, a very popular feature selection technique is correlation
— which is a measure of how two variables change together. A good set of features are highly
correlated with target and uncorrelated with each other. The SelectKBest class from scikit-learn library
implements correlation in f_regression function, which is used in this study to select the best features

which contribute in predicting the target feature.

4.5 Resampling
Imbalanced data is a term usually referred in terms of classification problem. It is when distribution of
classes is not uniform within a dataset. This imbalance causes the model to be biased towards the

majority class. Research shows that with a balanced dataset there is an increase in predictive accuracy,
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especially for rare observations (Moniz et al., 2016). There are several ways to handle this imbalance

depending on the problem at hand. In this study, two different resampling techniques are applied and

models are tested on each resampled dataset as well as on the original unbalanced dataset.

4.5.1 Random Under Sampling

In this technique, the majority class is reduced to the size same as the minority class. The majority
class instances are randomly selected till they are of the same size as minority class. The major
drawback of this method is that useful data from the majority class is lost and the size of dataset gets
reduced based on the size of minority class. Although this method is more popular with classification

problems, it can be applied to regression by stratifying the continuous target feature.

4.5.2 SMOTE For Regression

Another resampling technique is SMOTE, which is an abbreviation for Synthetic Minority Over-
sampling Technique. However, this technique is intended for classification problems. For regression
we have SMOTEr. SMOTEr was designed specially to solve imbalanced dataset problem for regression

by Torgo et al., 2013. It has the same underlying principle as SMOTE - combination of under-sampling

the majority class and over-sampling the minority class. In regression, values commonly found near
the mean of a normal distribution in the response variable y are in majority and the rare or minority
values are typically found in the tails. SMOTEr uses a notion of relevance of target variable where the
target observations are placed into majority (normal class) and are under sampled or minority (rare
or interesting class) and are over sampled, based on the user specified relevance threshold. The

python implementation of SMOTEr is through SMOGN library (Branco et al., 2017).

4.6 Bayesian Hyperparameter Optimization

Hyperparameter (HP) are adjustable parameters chosen by user to train a model. Performance of any
machine learning model depends on the values of HP. Hence it is essential to find or tune the best HP
for optimal model performance. For HP tuning, grid search and random search techniques are the

most popular methods. However, both have their pros and cons. Grid search searches in all possible
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user defined grid space for the optimal hyperparameters. Since it is an exhaustive search, it takes a lot
of computing power and time. With random search, it randomly searches the HP space and is faster
than grid search but is bound to miss better performing parameters. Another technique for HP tunning
is Bayesian Optimization. It is considered to be more efficient than grid and random search for HP

tuning (Bergstra et al., 2015, Putatunda et al., 2018). Bayesian optimization approach uses the past

results to build a probabilistic model of the objective function. There are three components when
performing Bayesian optimization. First is the HP search space. Second is to build a model to
approximate the true objective function. Third is to build an acquisition or surrogate function which
helps to determine the next hyperparameter to evaluate. The objective function takes in a set of
hyperparameters from the user provided search space and provides a score that indicates how well a
set of hyperparameters performs on the validation set. Depending on the requirement, the objective
function can be minimized or maximized. The approximation of the objective function is a surrogate
function which maps HPs on a probability score and suggests the best one based on this score for
further evaluation. This evaluation of the HPs takes lesser time as compared to grid or random search

and hence Bayesian methods can find better HPs in less time (Koehrsen Will, 2018).

5. Experimental Setup

5.1 Dataset Description

For this study the data is provided to Esculine by their client JGZ (Jeugdgezondheidszorg). The English
translation of Jeugdgezondheidszorg (JGZ) is youth health care. The JGZ provides preventive health
checkups and vaccinations for children. An Electronic Health Record (EHR) collected by them usually
consist of weight and height measurements, vaccination and illness record, etc. The dataset for this
study consists of clients living in the western part of the Netherlands and the data dates back from

current to 2011.
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Figure 2

Dataset before and after preprocessing

Client id Features Age BMI
3 months

5 months

9 months

5 months

9 months
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WINININ PP

(a) Raw data

Clientid Features 3 months 5 months 9 months 12 months 2 years

1 BMI value BMlIvalue BMI value

2 BMI value BMI value BMI value

3 BMI value

(b) Transformed data

The raw dataset consists of around 1 million records. For each unique client the raw dataset had
records for the measurements done at different time steps (age of client). Hence the dataset had to
be reorganized to show measurements done at different time steps for a unique client i.e., transform
data into a format which a machine learning model can understand. A schematic representation of

data is shown in Figure 2(a).

5.2 Dataset Preprocessing

An EHR consists of many features and not all features are consistently recorded for every client. As
seen in Figure 2(b), the dataset after transformation has missing BMI values. These missing values can
be attributed to various reasons like, missed appointment, relocation, illness, etc. which makes EHR
data sparse. The actual counts of missing data for different age groups in the raw dataset is given in

Table 1.

The JGZ system was digitized in 2011. Hence a client born in 2011 and is in the JGZ system will
have a higher chance that the record will not have missing values till age 5. But will have no

information for age 10 as the child has not reached this age yet. Age 10 being the target feature, this
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record cannot be used for training. On the other hand, clients joining the system at different age
groups will have missing data for the initial years of life. Since the target is BMI prediction at age 10,
it is crucial to have non-missing BMI values measured close to target time step. In order to have
enough records for model training and testing, only records with all measurements for last 2 timesteps
along with target variable are considered i.e., age 3.9, age 5. As seen from the Table 1, most of the
missing data is from the early age groups (3 weeks — 18 months). Due to the limitation of available
data, these age groups will not be considered further. The missing values for other features are
imputed using NaNImputer, which fills any missing values in every column of the given dataset using
XGBoost based model. Categorical features like gender, birth country of parents (categorized into
Netherlands, Western, non-Western), region (current region of stay in Netherlands) is dummy-ed for
ARIMA and XGBoost models. Dummying the categorical features increases the dimensionality of the
dataset. For neural nets, in order to reduce this dimensionality of the categorical features an

embedding layer is implemented in the network.

Along with this main raw dataset, there were other files provided by Esculine consisting of
demographic (gender, parents birth country, parents age, current region of stay, etc.) and contact
moment details. Contact moments is the number of times the child visited the JGZ segmented into

four different time windows. All these files were concatenated based on the unique identifier.

Table 1

Missing BMI values in each age group

Age Missing Values  Non-Null Values
3-4 weeks 9905 28

7-8 weeks 9892 41

3 months 9860 73

5 months 9814 119

6 months 9688 245

8 months 9933 0

11 months 9101 832

14-15 months 8703 1230

18 months 8022 1911
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2 year 6616 3317
3 year 0 6691
3.9 year 0 9933
5 year 0 9933
10 year 0 9933

5.3 Feature Selection
The features used in the past on obesity or BMI prediction varied significantly. Some of the common
features in the past studies are gender, birth weight, mother’s weight, mother’s age, race or ethnicity

(Morandi et al., 2012, Redsell et al., 2016). Initially the features were handpicked based on the

literature review and as suggested by the JGZ contact. In order to determine which features, apart
from past BMI values help to predict the BMI at the target age of 10, SelectkKBest with f_regression
function is implemented on the final dataset (9070 records, 17 features). This method calculates the
correlation between each feature and target which is then converted to F-score for each feature. The
higher the score, the more important the feature is. The feature selection is implemented after

dummy-ing the categorical features.

5.4 Final dataset

After preprocessing and concatenation of the files, the final dataset has 9070 records and 17 features.
Each record is for a unique client. As it is common in medical domain, this final dataset is highly
unbalanced. It has more records for clients with normal BMI than for those with overweight. In an
unbalanced dataset, a model is more likely to be biased towards majority class, in this case normal
BMI. Hence the prediction for extreme values will be in the range of normal values. In order to mitigate
this issue, dataset resampling techniques are applied to create balanced datasets and models are then

fit to the unbalanced and balanced datasets. The performance is compared accordingly.

5.5 Exploratory Data Analysis
Exploratory data analysis (EDA) is performed to understand the data better. It can help to gather
many insights and understand patterns within the data. EDA is performed on the unbalanced dataset

obtained after preprocessing.
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5.5.1 Categorical Predictors

The dataset has five categorical predictors. The distribution of these categorical features grouped by
BMI category is shown in Figure 3. From the count plot of gender, it can be seen that there is not
much difference in the counts of each BMI category for male gender vs female gender. The Zorgpad
naam (caretype) feature shows that the data has high majority of children receiving regular care
services. For majority of the children, Netherlands is the birthplace of the parents. Hence it is not a
good mix of different ethnicities. Data rich with different ethnicities can be a good predictor as

studies have shown that it does have an impact on BMI (Davis et al., 2013, Heymsfield et al., 2016).

The regions are anonymized for client privacy purpose. The region-wise plot shows the count of
children in each category. The region 8 has least number of overweight children. This can be
attributed to the fact that it is an economically well-off region and hence lesser number of
underprivileged families. Regions 1 and 2 have relatively higher number of overweight children.
Socio-economic reasons and the fact that these two regions are geographically adjacent might be

one of the contributory reasons for this higher number (The Netherlands in numbers).

Figure 3

Plots of categorical features grouped by BMI category
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5.5.2 Continuous Predictors

To understand the distribution of continuous features, distribution plots have been constructed. As
seen in Figure 4(a), the BMI values at different ages appear to be normally distributed except for the
target feature which is slightly positively skewed. Also, the age of parents appears to be normally
distributed. The age of the parents is at the time of the birth of the child, not the current age. To
understand the distribution of age better, boxplot is constructed. The boxplot in Figure 4(b) shows
that the median age for parents is around 32-35 and consists of outliers.

Figure 4

Plots for continuous features: (a) Distribution plot of continuous features; (b) Boxplot for age of parents
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As the dataset is resampled, it is essential to test the performance of the proposed models on hold-

out set. The dataset after preprocessing is split into 80-20 ratio for train and hold-out sets. This 80%

train set is resampled and further split into train and test sets for training of the four different
models. All the experiments are implemented using Python language. List of packages used in the

experiments can be found in Appendix A.

5.6.1 Experiment 1: Feature Selection

SelectKBest feature selection technique was implemented to select the best contributory features
apart from longitudinal BMI features. As the dataset for this study does not consist of very high

number of features, model performance with all the features included is considered i.e., all the

models are trained and tested on the same features.
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5.6.2 Experiment 2: Applying Resampling Technique To Balance The Dataset

As mentioned in the earlier section, the dataset after preprocessing is highly unbalanced with only
17% of records with BMI greater than 20. The Figure 5 violin plot shows distribution of BMI values in
each age-group, especially in the target column. As seen from the width of the violin plot for the target
feature, ‘normal’ BMI values occurs more frequently than ‘extreme’ values. The median value of the
target featureis 17.03. In order to balance the dataset two resampling techniques are applied, random
under sampling (RU) and SMOTE for regression (SMOTEr). As RU works only with classification, the
target feature is classified based on BMI cut-off values for each gender. This added a new feature -
‘category’ to the dataset. RU was then applied on this newly added feature. This column was used for
resampling and exploratory data analysis only and was removed later. SMOTER applies combination
of under sampling majority class and over sampling minority class and returns under sampled and

synthetic over sampled observations (Torgo et al., 2013). By using two resampling techniques, two

new datasets (RU and SMOTEr) were created on which the models were trained.

Figure 5

Violin plot of unbalanced dataset
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5.6.3 Experiment 3: Model Comparison For BMI Prediction At Age 10

As seen in the literature review, both statistical models as well as machine learning models have been
implemented for predicting obesity in children. As prediction of BMI values is a regression problem, a
Linear Regression (LR) model as a baseline is implemented. The first model, ARIMA model is built using
the pmdarima package in python. The function, auto.arima selects the optimal parameters, without
the need for the user to specify it explicitly. Based on the user defined range for p, d and q it searches
on its multiple combinations stepwise and chooses the model with lowest AIC (Akaike Information
Criterion). The second model, XGBoost is quite popular in medical domain because of its ability to
handle missing data as electronic health records have missing information due to various reasons. Past
research shows the many advantages of using neural networks as predictive algorithms due to their
capability to handle the non-linear relationships in longitudinal data (Gamboa, 2017).

For optimal performance of XGBoost, RNN and LSTM models, hyperparameter tuning is
performed for each balanced and unbalanced dataset using Bayesian optimization. The first step in
Bayesian optimization is to provide a range of values for the parameters to be optimized. This
optimization technique creates models with different hyperparameter values but it uses information
from previous model to select the hyperparameter value for the new model. The parameters which
are optimized for this study is listed in Appendix E. To evaluate model generalizability and prevent
overfitting, a 5-fold cross validation is implemented with the best hyperparameters from Bayesian
optimization on the training set and evaluated on the test set. This was done for all three datasets,
namely — unbalanced, RU and SMOTEr. Numeric features present in each data set were log
transformed. Real world data is not always normally distributed. Log transformation is one of the
methods to change a skewed distribution to normal. Before and after log transformation for the target
feature is shown in Figure 6. As the dataset consist of both categorical and numeric features,
embedding layers were implemented for the categorical features for the neural network models. The
study consists of four time-steps and predicting on the fifth step, hence cross validation cannot be

applied for ARIMA as the range of time is too small (Hyndman, R 2010).
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Figure 6

Before and After Log transformation of target feature
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To improve the predictions, custom loss functions are implemented. Customizing loss function
in XGBoost model requires defining a function that takes actuals and their predictions and return two
arrays of the gradient and hessian of each observation. The gradient and hessian are the first and
second order derivative of the objective function — in this case squared loss. The loss function was
customized such that it gives 5 times more penalty when the predictions are less than actual values.
Similarly, the custom loss function for RNN and LSTM models were implemented such that they
would penalize the error by a factor of 5 if residual is high. Performance of the models with custom

loss function and with standard loss (MAE) is compared.

To sum up, using the three datasets and best hyperparameters, models were trained and the
final evaluation and comparison was on the hold-out set. To check if there is a difference in gender
specific models and general models, the three datasets are split gender wise and new models are

trained using these gender specific datasets.
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5.7 Evaluation

In order to evaluate performance of the models, different evaluation metrics are used. Generally, for
regression, mean absolute error (MAE), mean squared error (MSE), R? (r-squared) and mean absolute
percentage error (MAPE) are important metrics to understand performance of a model. MAE is the
mean of the absolute value of the errors and is quite robust to outliers. MAE is unambiguous and

better suited for model comparisons (Willmott et al., 2005). MSE is the average of the square of the

prediction error. Lower value of MSE means the predicted values is close to actual. R? shows how
much of the variance in the dependent variable can explain the variance in the independent variable.
Higher the R-squared, the more variation is explained by the dependent variables and better is the
model. MAPE is a very popular metric to compare how well the time series model fit. Smaller values

indicate better fit of the model.

Since the dataset is resampled, the final evaluation of the models is on the hold-out set.

6.Results
In order to answer the sub-research question and research question, experiments were setup and
conducted. The experiments were conducted after applying the pre-processing steps (as explained in

section 5.2) on the original dataset.

6.1 Experiment 1: Feature Selection

Longitudinal BMI values are by default important contributory features; hence they were not added
in this feature selection step. Using SelectKBest feature algorithm, a list of other best features was
obtained. The graph showing importance of features other than BMI values is in Appendix B. The
description of all the features is in Appendix C. There are two important observations which can be
made from the graph. First, the feature ‘CM_4-12years’ which the algorithm deems as an important
one denotes the number of times a child has a ‘contact moment - CM’ or number of visits to the
pediatric doctor in the age group 4-12. Since the target prediction age is 10, this feature adds value.

However, selection of this feature is debatable which is discussed in the next section. Second, the
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features ‘parentl_Nederland’ and ‘parent2_Nederland’ emerge as another set of important
features. As shown in the EDA section above, the dataset does consist of more than 80% of parents
born in the Netherlands.

As mentioned before, all features were included irrespective of their magnitude of
contribution to the target feature in all the models.
6.2 Experiment 2: Applying Resampling Technique To Balance The Dataset
The first step in this experiment was the creation of balanced datasets by applying resampling
techniques as described in section 3.5. Since random under sampling (RU) balances the minority class,
the size of the dataset is reduced considerably. Before applying RU, the dataset had normal,
overweight and underweight categories. The size of these classes can be represented in increasing
size as underweight < overweight <<< normal. Since the goal of performing resampling is to have
more(balanced) overweight class, records for underweight class were discarded. Hence the final RU

dataset has same number of normal and overweight records. As SMOTEr generates synthetic data,

Figure 7

Violin plot of balanced datasets
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Table 2

Descriptive Statistics on balanced datasets

BMI mean std min max
Normal 2_yr 16.03 1.03 12.70 20.72
Count=1342 3 yr 15.58 1.02 11.72 19.38
3.9 yr| 15.35 1.00 12.34 18.69
5yr | 1522  1.04 11.96 18.59
10_yr 16.65 1.43 13.43 19.83
Overweight 2 yr | 16.88  1.25 13.34 21.80
Count=1342 3 yr 16.78 1.39 12.42 23.95
39 yr| 16.82  1.55 11.66 25.89
5yr | 1730  1.79 6.92 26.85
10 yr | 22.27 2.28 19.84 35.7
(a) Random Under

BMI mean std min max
Normal 2_yr 16.03 1.07 12.11 21.72
Count=5282 3 yr 15.58 1.06 8.37 20.44
3.9 yr| 15.35 1.04 8.29 19.42
5 yr 15.23 1.05 11.75 19.99
10 _yr | 16.71 1.47 13.43 19.85
Overweight 2_yr 16.97 1.10 13.34 21.80
Count=7028 3 yr 16.96 1.28 12.42 23.95
39 yr| 171 1.44 11.66 25.89
5 yr 17.71 1.65 6.92 26.85
10 _yr | 23.25 2.03 19.84 36.45
(b) SMOTEr

the size of the dataset increases and the minority class is better represented in the target feature.
Figure 7 shows violin plots of dataset after applying resampling techniques with a median value of
19.8 and 21.5 for random under and SMOTEr resampling respectively. The target feature is now a
balanced representation of the BMI values as compared to unbalanced feature shown in Figure 5. The
size of datasets after applying resampling techniques is in Appendix D. Table 2 shows descriptive
statistics for the BMI features split by BMI category after resampling. After resampling, the distribution

of the target feature for both the resampled datasets are similar in each BMI category.

6.3 Experiment 3: Model Comparison For BMI Prediction At Age 10
The first step in this experiment is selecting hyperparameters using Bayesian Optimization (BO) on the

three datasets which will give optimum performance for the XGBoost, RNN and LSTM models. The
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final values for the hyperparameters for each model are listed in Appendix E. For the ARIMA model,
function auto.arima was implemented which selects the best parameters automatically. For all the
three datasets, auto.arima selected O for parameters p, d and g. Using these parameters from
auto.arima three separate models were built for the three datasets. The final evaluation was on the
hold-out set. Similarly, for XGBoost, RNN and LSTM models, using best hyperparameters from BO,
three models were built for each dataset. Five-fold cross validation was implemented on the training
set and the final performance evaluation was on the hold-out set. Table 3 shows the cross-validation
results for XGBoost, RNN and LSTM models. Mean absolute error (MAE) was obtained for each fold
and which was then averaged to get the mean error. Each model when trained with SMOTEr dataset

has lower error as compared to when trained with other datasets.

Table 3

Cross-Validation results for general model-with custom loss

Dataset Mean MAE
Unbalanced 1.50
XGBoost Random Under sampled 1.91
SMOTEr 1.41
Unbalanced 1.71
RNN Random Under sampled 1.83
SMOTEr 1.57
Unbalanced 1.28
LSTM Random Under sampled 1.73
SMOTEr 1.55

The performance of all the models on the hold-out set with custom and standard loss is shown
in Table 4. ARIMA does not have a loss function, hence same results are repeated. The performance
of models trained with custom loss function is slightly better than those trained on standard loss.
However, the performance difference is not very significant. In-depth analysis of the model
performance with custom loss showed that none of the models could outperform the baseline. Rather
the baseline and the four models gave almost similar performance results on all the evaluation

metrics. On comparing the MAE metric, surprisingly all the models performed better with an



Table 4

(A) Performance on hold-out set for the general model- with custom loss

Dataset MAPE MAE MSE R?
Unbalanced 0.072 1.321 3.176 0.567
Baseline - LR Random Under sampled 0.087 1.528 3.611 0.508
SMOTEr 0.090 1.580 3.923 0.466
Unbalanced 0.073 1.337 3.204 0.563
ARIMA Random Under sampled 0.091 1.589 3.826 0.479
SMOTEr 0.096 1.677 4.257 0.420
Unbalanced 0.070 1.308 3.202 0.564
XGBoost Random Under sampled 0.087 1.542 3.814 0.480
SMOTEr 0.085 1.526 3.948 0.462
Unbalanced 0.071 1.328 3.311 0.549
RNN Random Under sampled 0.075 1.369 3.441 0.531
SMOTEr 0.098 1.731 5.166 0.296
Unbalanced 0.070 1.301 3.235 0.559
LSTM Random Under sampled 0.073 1.339 3.192 0.565
SMOTEr 0.081 1.464 3.745 0.490
(B) Performance on hold-out set for the general model- with standard loss
Dataset MAPE MAE MSE R?
Unbalanced 0.072 1.321 3.176 0.567
Baseline - LR Random Under sampled 0.087 1.528 3.611 0.508
SMOTEr 0.090 1.580 3.923 0.466
Unbalanced 0.073 1.337 3.204 0.563
ARIMA Random Under sampled 0.091 1.589 3.826 0.479
SMOTEr 0.096 1.677 4.257 0.420
Unbalanced 0.072 1.307 3.089 0.549
XGBoost Random Under sampled 0.089 1.540 3.655 0.466
SMOTEr 0.089 1.562 4.078 0.405
Unbalanced 0.072 1.368 5.975 0.128
RNN Random Under sampled 0.085 1.499 3.907 0.430
SMOTEr 0.080 1.467 4.181 0.390
Unbalanced 0.072 1.288 2.880 0.579
LSTM Random Under sampled 0.074 1.309 2.966 0.567
SMOTEr 0.079 1.410 3.517 0.487
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unbalanced dataset as compared to balanced sets. A similar interpretation can be drawn for the R-

squared metric. As observed from Table 4(A), the R-squared values are higher for unbalanced set,

which means that the model fits the unbalanced data better. However, since the main goal of the

study is to predict better for extreme BMI values it is essential to understand how the model
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performed on extreme values. An extreme BMI value for a 10-year-old is defined as BMI greater than

19.86 for males and BMI greater than 19.84 for females (GROEIDIAGRAMMEN IN PDF-FORMAAT).

Using this definition, the actual and predicted values were classified into underweight, normal and
overweight categories which was used to further evaluate model performance with the means of
confusion matrix. Table 5 shows mean absolute error (MAE) and mean absolute percentage error
(MAPE) metric for the extreme BMI values for models trained with custom and standard loss. It can
be observed from Table 5 that with a custom loss there is an improvement in prediction of extreme
BMI values, but it is not a significant improvement which is a surprising outcome. Both the error
metrics have a reduced value as the size of dataset increases. This answers the second research
qguestion that a balanced dataset does improve the predictions. Among the two resampling
techniques, lower error is achieved with SMOTEr dataset. This is also confirmed in the confusion

matrix of all models shown in Appendix F.

To answer the sub research question of whether gender specific models predict better than the

general model, the three datasets are split gender wise and same procedure as general model is

Table 5

MAE and MAPE for Extreme BMlI values - with custom loss

Dataset ARIMA XGBoost RNN LSTM
MAE MAPE MAE MAPE MAE MAPE MAE MAPE
Unbalanced 246 0.10 264 0.11 2.77 0.123 265 0.11
Random Under sampled 200 0.08 1.85 0.09 249 0.11 235 0.10
SMOTEr 192 0.08 1.88 0.08 202 0.09 200 o0.08

MAE and MAPE for Extreme BMI values — with standard loss

Dataset ARIMA XGBoost RNN LSTM
MAE MAPE MAE MAPE MAE MAPE MAE MAPE
Unbalanced 2.46 0.10 2.63 0.11 349 0.15 3.15 0.12

Random Under sampled 2.00 0.08 2.03 0.08 225 0.10 250 0.10
SMOTEr 192 0.08 2.00 0.08 2,52 0.11 220 0.09
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followed to train new gender specific models. The hyperparameters for gender specific models were
same as the general model. The 5-fold cross-validation results for gender specific models is shown in
Table 6. The performance of gender specific models with custom and standard loss on hold-out set is
shown in Table 7. Similar to the general model, there is an improvement when models are trained
with custom loss function. A closer inspection of Table 7(A) shows that performance wise there is no
substantial difference between gender specific models and the general model. The R-squared for the
‘female’ gender shows that ARIMA and LSTM fit much better as compared to other two models. Similar
to the result from the general model, the MAE is lowest for the unbalanced set for all the models for

both genders.

Table 6

Cross-Validation results for Gender specific models

Dataset Male Female
Mean MAE  Mean MAE
Unbalanced 1.50 1.51
XGBoost Random Under sampled 1.92 1.91
SMOTEr 1.45 1.35
Unbalanced 1.53 1.35
RNN Random Under sampled 1.85 1.78
SMOTEr 1.58 1.57
Unbalanced 1.31 1.38
LSTM Random Under sampled 1.77 1.76
SMOTEr 1.67 1.65

Table 7
(A)Performance on hold-out set for gender specific models - with custom loss

(a)For Gender="Male’ model

MAPE MAE MSE R?

Unbalanced 0.072 1.336 3.375 0.489
Baseline - LR Random Under sampled 0.072 1.336 4.234 0.489
SMOTEr 0.088 1.572 4.073 0.384
Unbalanced 0.074 1.360 3.499 0.471
ARIMA Random Under sampled 0.091 1.604 3.99 0.397
SMOTEr 0.094 1.656 4.399 0.335
Unbalanced 0.072 1.334 3.333 0.496
XGBoost Random Under sampled 0.086 1.525 3.784 0.428

SMOTEr 0.087 1.563 4.088 0.382




Unbalanced 0.082 1.472 3.681 0.499
RNN Random Under sampled 0.087 1.615 4.644 0.367
SMOTEr 0.087 1.558 4.159 0.433
Unbalanced 0.072 1.329 3.295 0.551
LSTM Random Under sampled 0.075 1.372 3.435 0.532
SMOTEr 0.086 1.527 3.926 0.465
(b)For Gender="Female’ model
MAPE  MAE MSE R?
Unbalanced 0.071 1.303 2.971 0.631
Baseline - LR Random Under sampled 0.071 1.303 2.971 0.631
SMOTEr 0.090 1.577 3.783 0.531
Unbalanced 0.072 1.309 2.956 0.633
ARIMA Random Under sampled 0.091 1.578 3.668 0.545
SMOTEr 0.098 1.688 4.176 0.482
Unbalanced 0.071 1.315 3.283 0.593
XGBoost Random Under sampled 0.092 1.626 4.205 0.478
SMOTEr 0.088 1.578 4.183 0.481
Unbalanced 0.072 1.362 3.669 0.50
RNN Random Under sampled 0.085 1.511 4.428 0.397
SMOTEr 0.092 1.658 4.969 0.323
Unbalanced 0.072 1.332 3.202 0.564
LSTM Random Under sampled 0.084 1.495 3.519 0.520
SMOTEr 0.09 1.590 4.156 0.434

(B)Performance on hold-out set for gender specific models - with standard loss

(a)For Gender="Male’ model

MAPE  MAE MSE R?
Unbalanced 0.072 1.336 3.375 0.489
Baseline - LR Random Under sampled 0.072 1.336 4.234 0.489
SMOTEr 0.088 1.572 4.073 0.384
Unbalanced 0.074 1.360 3.499 0.471
ARIMA Random Under sampled 0.091 1.604 3.99 0.397
SMOTEr 0.094 1.656 4.399 0.335
Unbalanced 0.073 1.347 3.410 0.514
XGBoost Random Under sampled 0.088 1.555 3.928 0.440
SMOTEr 0.089 1.573 4.179 0.404
Unbalanced 0.070 1.286 3.371 0.508
RNN Random Under sampled 0.072 1.902 3.251 0.512
SMOTEr 0.092 1.889 3.265 0.524
Unbalanced 0.072 1.296 3.000 0.562
LSTM Random Under sampled 0.095 1.648 4.171 0.391
SMOTEr 0.081 1.441 3.516 0.487
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(b)For Gender="Female’ model

MAPE MAE MSE R?

Unbalanced 0.071 1.303 2.971 0.631
Baseline - LR Random Under sampled 0.071 1.303 2.971 0.631
SMOTEr 0.090 1.577 3.783 0.531
Unbalanced 0.072 1.309 2.956 0.633
ARIMA Random Under sampled 0.091 1.578 3.668 0.545
SMOTEr 0.098 1.688 4.176 0.482
Unbalanced 0.073 1.312 3.049 0.544
XGBoost Random Under sampled 0.095 1.614 4.054 0.394
SMOTEr 0.092 1.605 4.209 0.371
Unbalanced 0.084 1.470 4.470 0.348
RNN Random Under sampled 0.093 1.621 4.511 0.342
SMOTEr 0.102 2.092 4310 0.452
Unbalanced 0.074 1.314 2.904 0.576
LSTM Random Under sampled 0.077 1.361 3.113 0.545
SMOTEr 0.085 1.508 3.757 0.452

To understand how well did the model fit, binned calibration plots for mean predicted vs actual values
were plotted. As SMOTEr dataset gave the best performance, this fit was analyzed on predictions given
by models trained on SMOTEr dataset. The predictions were sorted and binned into 10 bins, with 10%
data in each bin. The mean predicted and mean actual value were plotted along with standard
deviation (SD) for each bin. As seen from Figure 8, LSTM performed slightly better than others with
the mean values for each bin lying on or near the identity line. However, it shows large SD similar to

the other models especially for extreme BMI values.

To sum up, the answer to the first research question and sub question - none of the models stands
out as the best performing model when taking into account all the evaluation criteria and there is not
much significant performance difference between the general and the gender specific models. The
answer to the second research question — a balanced dataset certainly does improve the model

performance.
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Figure 8

Binned Calibration Plot
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7. Discussion

With the rise of obesity rates world over, it is essential to predict its development early on. In order
to achieve this, it is important that the health trajectory is predicted accurately. The main goal of this
study is to determine the optimal predictive model which can accurately predict BMI for children aged
10, with more emphasis on overweight children. This was done by comparing the performances of
different models trained on longitudinal BMI data and demographic features. Since the data used for
this study consisted of a time-series component, four models are selected which are considered the

best in time-series analysis. The four models are - ARIMA, XGBoost, RNN and LSTM.
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The first step was feature selection. Using SelectKBest as the feature selection method, a list
of features contributing most to the target variable was generated. Due to small number of features
and the performance of models with only the best features and all the features not yielding any
significant performance difference, all the features were included in the final models. However,
selection of the feature ‘CM_4-12 years’ warrants some attention. As mentioned previously this
feature denotes the number of visits to the doctor in the specified age group. In the period of 4-12
years, there is no way to distinguish the number of visits at a particular age, plus it cannot be
determined if the visits were related to obesity. For example, if a child visiting the doctor at age 4
due to some illness will cause the count in the CM variable to rise. Another child visiting the doctor
for obesity intervention will also cause the count to increase. For now, there is no way to
incorporate this intervention information in the model and out of scope of this study. For purpose of

simplicity, this feature was added to all the models and further research is required.

The second step was to balance the dataset as there was imbalance of data with the majority
data consisting of normal BMI values. For the model to learn on better predicting the extreme BMI
values, the training data must be a good representation of all the classes. Hence data was balanced
using random under sampling and SMOTEr techniques. Performance is also compared on balanced
and unbalanced datasets. Next, hyperparameter tuning is performed by using Bayesian Optimization
to find the best model. The next step was identifying which machine learning model is better at
predicting the BMI for 10-year-old, with more weight on better predicting the extreme BMI values or
outliers. This was done by building custom loss functions. Models were trained using the best set of
hyperparameters and their performance was evaluated on the hold-out set. As expected, all the
models performed better with SMOTEr dataset as this dataset had the largest size and more balanced
samples. Custom loss functions added slight improvement to the predictions. XGBoost gave least MAE
for predicting extreme BMI values. Upon examining the fit of the models, LSTM performed better than

the others. On comparing MAE, LSTM and XGBoost performed slightly better for ‘male’ and ‘female’
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gender respectively. From R-squared perspective, ARIMA and LSTM performed better for ‘male’ and

‘female’ respectively. Unfortunately, not one model performed the best on all the evaluation criteria.

This study contributes to existing literature in two ways. First, as shown in study by Cavadas
et al., 2015, training a model with a balanced dataset improves the model performance. As studies
implementing data balancing in a regression study are rare, this study can be a reference to show how
resampling improves the performance of machine learning models. Second, as majority of the existing

literature is about classification of obesity (Gupta et al., 2019, Singh at al., 2020, Pang et al., 2021) this

study adds a new dimension to BMI prediction by predicting BMI values. BMI values help to determine
the distribution of BMI in the general population. Since 1858, there has been an increase in height and
weight among the population of Dutch children due to many contributory factors like improved

nutrition, better hygiene and overall child health (Fredriks et al., 2000). Change in height and weight

suggest that BMI categories should also be adjusted based on changes in the population.

As with any research, this study also has some limitations. First, since the source of data, the
JGZ was digitized in 2011, there is quite a substantial amount of missing data from the initial stages.
In order to have a complete record, data was considered from age 2 onwards. This is a limitation as
studies have shown that BMI information from early life stages is quite important in predicting future

BMI (Smego et al., 2017, Roy et al., 2015). Second, as per different literatures, maternal and paternal

BMI and income features are also a good predictor of obesity/BMI in a child (Morandi et al., 2012,

Redsell et al., 2016, Graversen et al., 2015). Since this information is not available it was not included

in this study. Third, as mentioned in the introduction, a child has regular visits till the age of 5 and
none till the age of 10. The time between 5-10 years is important as it is during this time a child
develops his/her lifestyle choices — playing sports, eating habits for instance. With no regular visits
from age 5-10, this information is missed. Lastly, since the dataset only had data from the western

part of the Netherlands, the findings from this study cannot be generalized.
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Lastly, GDPR regulations and ethics come into effect when implementing any machine
learning model into healthcare. Under GDPR it is important to protect privacy of an individual. With
healthcare information being sensitive data, it becomes more important to protect the identity of the
subject. For this study, the data was anonymized hence privacy of the child is protected. Ethics come
into play when a predictive model is implemented in healthcare. Will it be ethical to pinpoint a child
saying he/she will be obese in future based on the model outcome — is a debatable question. On one
hand it will be beneficial for the child as he/she can get additional support and education for his/her
well-being. On the other hand, this information can also lead to negative consequences like stigma
associated with obesity. Another aspect is incorrect prediction. If the model predicts that a child will
not be obese but he/she develops obesity at age 10 — such children (and their families) will be less
likely to pay much attention to their overall well-being because of the prediction. Generally speaking,
as predictive models are never 100% accurate, it will be a challenge to find a balance between these

two ethical aspects.

8.Conclusion

Obesity in adults and in children is a chronic disease affecting millions globally. Once the disease sets
in it affects the life of an individual in a negative manner. Studies have shown that obesity can be
predicted in an early age and hence it is important to get accurate prediction sooner to get proper
medical intervention and support. With accurate predictions, proper interventions can be planned for
those identified as ‘at risk’. This will help not only the individual but also better allocation of medical
resources and personnel. In the past many studies have employed models for classification of children
as obese vs non-obese. In this study, four machine learning models were compared and evaluated to
understand which algorithm is the best in predicting BMI values. On comparison, the performance of
all the models were similar to each other. None of the models could outperform the baseline linear
regression. The results obtained do not look very satisfactory when looking at the performance of

each individual model due to the limitations mentioned in previous section. However, further research
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using an ensemble of these or similar models and a larger training set might give better results. From
an ethical point of view a clustering approach might be beneficial so as to have concentrated effort on

the high-risk cluster instead of individual children.
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Appendices

Appendix A: List Of Python Packages

Python Packages
numpy
pandas
matplotlib
seaborn
sklearn
keras
pmdarima
tensorflow
hyperopt
smogn
Imblearn
NaNImputer
pickle

Appendix B: Feature Importance
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Appendix C: Feature Description
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Feature Name Description

2_yr BMI at age 2

3_yr BMI at age 3

3.9 yr BMI at age 3.9

5-6_yr BMlatage5or6

10-11_yr BMI at age 10 or 11 — Target feature
age_ouderl Age of parent 1

age_ouder2 Age of parent 2

CM_2week-6months Number of Contact Moment at age 2week-6months
CM_4-7days Number of Contact Moment at age 4-7 days
CM_7-12months Number of Contact Moment at age 7-12 months
CM_1-4years Number of Contact Moment at age 1-4 years
CM_4-12years Number of Contact Moment at age 4-12 years
Gender Gender of the child

Caretype_regular

All columns ending with ‘_region’

Parentl_Nederland
Parentl_western
Parent2_Nederland
Parent2_western

Whether child is under special care. Will have a value of 1 if
under regular care

Current region of stay. Will have value of 1 based on region
of stay.

Parent 1 birth country is Netherlands

Parent 1 birth country is a Western country

Parent 2 birth country is Netherlands

Parent 2 birth country is a Western country

Appendix D: Size Of Datasets After Resampling

Resampling Method Size after resampling

No Resampling \
Random Under Sampling \
SMOTEr |

7256
2602
12335
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colsample_ gamma learning_ max_depth  min_child_ n_estimators reg_alpha reg_lambda subsample

bytree rate weight
No Resampling 0.844 5.40 0.27 6 4 125 169 0.015 1.0
Random Under 0.662 4.51 0.12 17 6 1242 50 0.454 0.9
Sampling
SMOTEr 0.61 2.62 0.05 16 9 271 177 0.812 0.85

XGBoost HyperParameter settings.
learning_rate  epochs  neurons- neurons- neurons- activation
1% layer 2" layer 3™layer  functions
No Resampling 0.0001 50 544 544 544 relu
Random Under 0.0001 50 64 64 64 relu
Sampling
SMOTEr 0.0001 50 416 416 416 relu
RNN HyperParameter settings
learning_rate  epochs  neurons- neurons- neurons- activation
1t layer 2" layer 3" layer functions

No Resampling 0.0001 50 96 96 96 linear
Random Under 0.0001 50 320 320 320 relu
Sampling
SMOTEr 0.0001 50 288 288 288 linear

LSTM HyperParameter settings



Appendix F: Confusion Matrix For All Models
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