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Summary

Big data tools are currently a major tool for assessing population changes. There is a possible causal relationship between a family’s economic 
capacity and social dystocia’s and malnutrition. It is also known that a possible cause of malnutrition is eating disorders, which are more frequent in 
populations with different levels of education.

Main Objective: To assess the possible relationship between family income and prevalence of malnutrition in a child population.

Material and Methods: Using the Cole-Green LMS algorithm with penalized likelihood, implemented in the Ref Curv 0.4.2 software (2020), which 
allows managing large amounts of data. The hyperparameters have been selected using the BIC (Bayesian Information Criterion). To calculate 
population deviations from the reference, the reference was taken as being below 1.5 standard deviations from the average according to age.

Results: The data and comparative graphs between districts of the population studied are represented with respect to the variables analyzed.

Conclusions: Big data technology allows for more efficient population studies, selecting populations most in need of health intervention, optimizing 
scarce health resources.

Introduction
Body Mass Index (BMI) is a commonly used parameter to assess 

nutritional status [1-3]. In our country, the tables by Carrascosa, et 
al. [4] are widely adopted as a reference for determining BMI status 
as an indicator of an individual’s nutritional condition in relation to 
a population considered normal. The assessment and detection of 
changes in BMI are crucial for monitoring and controlling the child 
population [3]. While most studies tend to focus on the so-called 
childhood obesity pandemic [2], another important aspect of nu 

 
tritional reality should not be overlooked: low weight for height, 
represented as a low BMI [3]. Globally, the main cause of a low BMI 
is malnutrition associated with insufficient intake due to resource 
scarcity [2-3] or the disease itself. However, in developed countries, 
another situation should be considered: malnutrition associated 
with mental health disorders. Therefore, when a case of low weight 
for height is detected in a child in our context, the main differen-
tial diagnoses include an underlying organic process, constitutional 
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or functional thinness, socio-familial nutritional issues, or mental 
disorders that lead to weight loss, such as anorexia, bulimia with a 
restrictive component, etc. [2,3].

Anorexia nervosa is one of the psychiatric conditions with the 
highest mortality rates [5]. It is defined by an exaggerated assess-
ment of body volume and shape, leading to a relentless pursuit 
of thinness. It is characterized by excessive voluntary weight loss 
through a restrictive diet [6,7]. Anorexia nervosa typically mani-
fests in girls in early to mid-adolescence, with a higher prevalence 
in white populations and those from above-average socioeconomic 
backgrounds [7,8]. Following the COVID-19 pandemic, these figures 
appear to have increased significantly, with disorders such as anx-
iety and depression estimated to have risen by 25-27% [9]. Thin-
ness, in addition to being a manifestation of an underlying disease 
or physiological condition, can also reflect situations of risk for de-
veloping an eating disorder. Eating disorders have been associated 
with a high level of education, a family history of eating disorders, 
vigorexia, family conflicts, or even a rejection of puberty itself [8-
10]. However, we should not forget that thinness can also indicate a 
risk of social or economic exclusion within the family.

UNICEF establishes that child poverty is a stark reality [11], 
not only in developing countries but even in Europe, specifically 
in Spain and the Basque Country. In Spain, according to this report 
[11], the prevalence of risk of social exclusion and child poverty 
could reach 28%. The electronic medical records of current health 
systems collect numerous variables in clinical practice, including 
anthropometric and sociodemographic data. Different statistical 
techniques, such as machine learning, allow for the exploitation of 
these data from a large number of cases in an almost semi-automat-
ed manner, providing valuable statistical insights. Although there 
are studies on this topic in various countries and even international 
series [10], there are no studies, at least in our region or nearby 
populations, assessing the situation of malnutrition in the child and 
youth population. Moreover, the use of new BIG DATA techniques 
for these studies has yet to be described.

Material and Methods
Study Design 

This is a population-based cross-sectional study.

Study Population

All minors under 18 years of age who are being followed up 
in the Basque health system, OSAKIDETZA, and who have weight 
and height data recorded in the electronic medical record system 
(OSABIDE GLOBAL) in the Álava area.

Inclusion Criteria

a)	 Both sexes

b)	 Age between 0 and 18 years

c)	 Registered or presenting a registered address

Exclusion Criteria

No data registered in OSABIDE GLOBAL

Epidemiological Data

For this study, reliable and official sources are used for vari-
ables such as average income per inhabitant, unemployment rate, 
and immigration rate by district or neighborhood. These data are 
available at: https://www.eustat.eus/bankupx/pxweb/es/DB/-/
PX_010154_cepv1_ep06b.px/table/tableViewLayout1/.

(Accessed on 08/29/2022).

By including the entire registered pediatric population, it is 
considered unnecessary to calculate a sample size. Data were col-
lected between 01/01/2022 and 30/03/2022.

Variables:

Main Variables

a)	 Weight (kg)

b)	 Height (cm)

c)	 Gender (Male, Female, Binary)

d)	 Age (expressed in years and months)

e)	 Date of registration

f)	 Place of residence – district/neighborhood code

g)	 Unemployment rate, per capita income by district

Data Management Plan

A data protection impact assessment has been prepared. The 
data lifecycle will involve the IT service of OSI Araba, the principal 
investigator of the project, and collaborating researchers, includ-
ing professionals from the Basque Center for Applied Mathematics 
(BCAM), who are part of the research team. There is a collaboration 
agreement between BCAM and the Bioaraba Health Research Insti-
tute.

Statistical Analysis

The method based on Dirichlet Processes (Dirichlet Process, 
DP) is followed. In this project, we will adopt this approach to 
build Gaussian Mixture Models (GM). Furthermore, Dirichlet Pro-
cess Gaussian Mixture Models (DPGMM) will be used. We will also 
analyze a set of populations using Gaussian mixture models based 
on hierarchical Dirichlet processes (Hierarchical Dirichlet Process 
Gaussian Mixture Model, HDPGMM) [12]. Clustering will be per-
formed to inform us about the somatometric similarities and dif-
ferences of the population based on somatometric variables and 
the district in which they reside [13]. This will incorporate recent 
methodological innovations in databases similar to ours, as already 
described in previous studies [14-16]. BMI will be calculated as 
weight/height² (kg/m²). These results will be compared with the 
means and Standard Deviation Scores (SDS) from studies pub-
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lished to date, which serve as references for our population [4]. Low 
weight will be defined as less than 1.5 SDS relative to the reference 
normality for age and sex [4].

Results
Data were obtained from a total of 67,270 minors. The total 

number of variables studied (some presented in this work and oth-
ers reserved) amounts to 1,749,020 variables. The results, catego-
rized by sex, age, BMI, and other variables, are presented in various 
tables. According to data from the National Institute of Statistics 
and EUSTAT, the population of our region, Álava province, in the 
Basque Country, Spain, is 338,765 people. The political territory is 
divided into several districts. The average disposable income for 
the resident population in 2021, calculated as total income minus 
income tax and social security contributions paid by workers, is 
€19,366. There are significant differences across age groups, gen-
der, and districts. The income of minors depends on the average 
family income, which in the Basque Country was €47,005 in 2021. 
Total family income is calculated by aggregating the personal in-
come of all family members, including minors. On average, family 
income in the Basque Country is about twice the average personal 

income. There are notable differences between districts (Source: 
EUSTAT), with towns in Álava having the lowest average income 
across the entire region. The unemployment rate in the Basque 
Country stands at 7.5%, which is well below the national average 
in Spain. While 6 out of 10 households have all members employed, 
more than 1 out of 10 households experience complete unemploy-
ment. Significant differences exist between districts (Source: EU-
STAT), with some towns in Álava and Vizcaya reporting the highest 
unemployment rates. The distribution of the immigrant population 
also varies within our territory. The average immigration rate in the 
Basque Country is 13%, but Vitoria, the capital, has one of the high-
est rates of immigrants relative to the general population, at 15%. 
Some districts in the capital exceed 18%, and certain localities even 
surpass 20%.

After analyzing the variables BMI, per capita income, and the 
immigration rate in each district separately, an assessment was 
made of the districts with a higher prevalence of low BMI cases in 
relation to these other variables. The numerical results are shown 
in Figures 1&2. Using a cluster study statistical method, districts 
with fewer than 20 cases with available data during the study peri-
od have been excluded.

Figure 1: Men < 18 years. Representation of the variable BMI (% of the population < 1.5 SDS) (blue) vs per capita income (thousands € per 
inhabitant/year) (dark brown line). The orange line represents the average per capita income of the population, which is €19,366.

Figure 2: Women < 18 years. Representation of the variable BMI (% of the population < 1.5 SDS) (pink) vs per capita income (thousands € per 
inhabitant/year) (dark brown line). The orange line represents the average per capita income of the population, which is €19,366.
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The MEN graph shows that there is a population with a low BMI 
in both higher-income districts and in less-privileged ones, and in 
apparently equal proportion. However, in most districts with a sta-
ble average income, the rate of cases with a BMI less than 1.5 SDS is 
zero or practically zero. In the case of WOMEN, we found a hetero-
geneous distribution of districts with significant rates of cases with 
a BMI below 1.5 SDS, but there is apparently a greater number of 
cases in districts with higher income.

Regarding the assessment of the number of migrants living in 
a specific district of those studied, in relation to the study of the 
number of cases with a BMI below 1.5 SDS, it is evident that, in the 
case of men, a large number of cases appear (reaching more than 
3% of the total population) both in districts with a low or almost 
non-existent immigration rate and, on the contrary, in those with a 
higher rate (Figure 3).

Figure 3: Men < 18 years. Representation of the BMI variable (% of the population > 1.5 SDS) (blue) vs. immigrant population rate living in the 
district (% of the total) (red line). The orange line represents the average immigrant rate in the territory, 13%.

Figure 4: Women < 18 years. Representation of the variable BMI (% of the population > 1.5 SDS) (blue columns) vs. rate of immigrant population 
living in the district (% of the total) (red line). Orange line represents the average rate of immigrants in the territory, 13%.

In the case of women, a higher number of cases with low BMI 
is observed in populations with rates of migrants higher than the 
average for the territory (13%) and in areas with hardly any im-
migrant population, although there seems to be a predominance 
of territories with little immigration and a low prevalence of cases 
with low BMI, except in one of them. On the contrary, high migra-
tion rates and the appearance of cases of low BMI are more fre-
quent (Figure 4).

Discussion
The possibilities of conducting epidemiological research us-

ing big data are multiplying, offering new strategies for health and 
healthcare interventions. Machine learning, which has proven ef-
fective in other fields [14-17] for interpreting large amounts of re-
al-world data, is emerging as one of the key tools for this purpose. 
Somatometry in children, as an indicator of health status, and the 
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issue of eating disorders are clear examples of areas where these 
techniques can be applied for research. The secular trend of ac-
celerated weight gain [18,19], the rise in eating disorders among 
youth, and a potential added effect from the COVID-19 pandemic 
have been discussed by various authors [20-22]. Other proposed 
causes include the relationship between eating disorders and the 
socioeconomic status of the family, per capita income, and even the 
stress caused by unemployment within the family [8,9,11]. Accord-
ing to UNICEF, a child is considered at risk of poverty when their 
household’s disposable income falls below a threshold based on 
60% of the median income of all households in the country, also 
considering the household composition [11].

In our study, we considered these factors and selected variables 
related to low BMI that were accessible to our research team, such 
as the average income level of the district and the immigration rate. 
The latter is seen as an element connected to larger family sizes, 
lower family income, and higher unemployment rates. Health re-
sources are scarce, making it challenging to decide which popula-
tion subsectors to intervene with, whether for campaigns or active 
searches for children at risk of malnutrition. BIG DATA offers a 
quick and cost-effective way to get an accurate picture of the popu-
lation’s situation, enabling us to determine where, how, and why to 
allocate these scarce resources [15-17].

Our study reveals that there are indeed risks of malnutrition 
in our population, with certain towns, neighborhoods, or districts 
showing an impact rate of nearly 4% of the entire child population 
in some areas. This finding calls for reflection on both the meth-
odology used and the social nature of our population. However, 
our work also suggests that factors related to the environment in 
which a child lives may influence their nutritional status, particu-
larly regarding their recorded weight [8,9,19-20]. The relationship 
between income level, food quality and quantity, the ability to par-
ticipate in extracurricular, educational, and sports activities [22], 
and the general environment where a child grows up seems to play 
a role in determining whether or not they suffer from malnutrition. 

A low BMI can be the result of malnutrition due to a real lack of 
resources or may be secondary to an underlying organic condition 
or an eating disorder. On the other hand, we also observed higher 
rates of low BMI in districts with lower income and higher immi-
gration rates. This may reflect the vulnerability of these families, 
who likely have fewer food resources. Knowing how and when to 
intervene in cases of malnutrition risk [23] helps not only to reduce 
associated mortality but also to minimize resource use, such as hos-
pitalizations and emergency visits. The use of big data is and will 
continue to be an essential tool in public health decision-making 
[24] in the coming years. It also presents an opportunity to improve 
routine clinical practice in the most practical ways.

Ethical Aspects
The study has been prepared in compliance with the princi-

ples established in the Declaration of Helsinki (1964) latest ver-
sion Fortaleza, Brazil 2013, in the Council of Europe Convention on 
Human Rights and Biomedicine (1997), and in the regulations on 

biomedical research, protection of personal data. Law 14/2007 on 
Biomedical Research. Study approved by the CEIC on 03/24/2023 
with CODE File 2022-058

Economic Report
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and his collaborators.
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