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Introduction

Obesity is rapidly increasing in Europe and across the world. According to the World Health
Organization, “Worldwide adult obesity has more than doubled since 1990, and adolescent obesity has
quadrupled. In 2022, 2.5 billion adults were overweight, of whom 890 million were living with
obesity”(WHO, 2024). Obesity has serious health consequences, including an increased risk of
diabetes, cardiovascular diseases, and other chronic conditions (Kelishadi, 2014). It is one of the
leading causes of premature death worldwide (Ritchie & Roser, 2024; Members’ Research Service,
2025). In 2019 alone, approximately 5 million premature deaths were attributed to obesity,
representing around 10% of deaths in high-income countries and about 15% in middle-income
countries (Ritchie & Roser, 2024).

In Europe, the situation is also concerning. Nearly 51% of the EU’s population aged 16 and over are
overweight, and 17% are obese. Rates are rising not only among adults but also among children. These
alarming figures highlight the urgency of addressing the obesity epidemic.

To counter this trend, the WHO set a goal in 2018 to halt the rise in obesity by 2025 (Mahase, 2022;
WHO, 2025). Unfortunately, no EU country is currently on track to meet this goal (Members’ Research
Service, 2025).

Obesity patterns also vary by income level. In high-income countries, research has shown that obesity
is concentrated among economically disadvantaged households, whereas in low-income countries, it
tends to be more common among higher-income groups (Dinsa et al., 2012). In the United States, the
link between low income and higher obesity risk is well documented, with numerous studies
highlighting the so-called poverty—obesity paradox, where rising poverty and food insecurity correlate
with higher obesity rates (Levine, 2011).

Although several studies have examined the relationship between poverty and obesity in European
countries (Zukiewicz-Sobczak et al.,2014; Salmasi & Celidoni, 2017), specific research on Belgium
remains limited. Therefore, this thesis aims to address this gap by answering the following question:

Does poverty cause obesity in Belgium?

The objective is to assess whether poverty has any impact on obesity among the Belgian population
and to explore the mechanisms through which it may influence it. The analysis is based on data from
the Belgian Health Interview Survey (HIS) from Sciensano. The thesis is structured as follows: first, a
review of the existing literature on the topic is presented, and then the empirical methodology and
model specification follow. Third, the presentation and discussion of results are presented, and finally,
additional analyses to reinforce the findings are presented, followed by the conclusion.



Literature Review

Obesity is a chronic disease characterized by an excessive accumulation of fat in the body. The body
mass index (BMI), calculated as weight (kg) divided by height squared (m?), is widely used to assess
someone’s weight. (World Health Organization: WHO, 2024). Based on BMI, adult individuals are
typically classified into four categories: underweight (BMI < 18.5), normal weight (BMI 18.5-24.9),
overweight (BMI 25-29.9), and obese (BMI > 30) (Dwyer et al., n.d.).

Belgium is not spared from the global rise in obesity. In the Food Consumption Survey 2022-2023
conducted by Sciensano, a total of 3,777 individuals randomly selected from the Belgian population
were interviewed about their food intake, health status, and behaviors. The study found that 49% of
the population aged 3 years and over was overweight, including 18% who were classified as obese
(Sciensano, 2023). Obesity was measured using the Body Mass Index (BMI), but the results were
confirmed using other indicators such as waist circumference and the waist-to-height ratio.

They also highlighted that the prevalence of overweight and obesity increases with age. Adults,
particularly those who are middle-aged or older, are more affected than younger age groups.
Furthermore, adult men have a higher probability of being overweight or obese compared to women.
However, among children and adolescents, no significant gender differences were observed
(Sciensano, 2023).

Obesity can have serious consequences on health, such as type 2 diabetes, cardiovascular diseases,
and hypertension (Kelishadi, 2014). Beyond its health consequences, obesity also represents a
significant financial burden for the healthcare system and the economy. Based on data from the Belgian
National Health Interview (BHIS) and individual health insurance data, Gorasso et al. (2022) estimated
that every year, at least €4.5 billion were spent to cover the direct (such as medical care and treatment)
and indirect costs (cost of absenteeism, loss of productivity) related to overweight and obesity.

Many studies have been conducted to better understand the causes of obesity. While unhealthy eating
behaviors and lack of physical activity are well-known contributors (NHLBI, 2022), research has also
revealed the important role of poverty and socioeconomic conditions.

Studies have been done in the United States to analyze the relationship between poverty and obesity,
highlighting a “poverty-obesity paradox” where rising poverty and food insecurity correlate with higher
obesity rates (Dhurandhar, 2016). This paradox is not limited to the United States. For example, in
Poland, Zukiewicz-Sobczak et al. (2014) found that lower-income families had higher rates of
overweight and obesity.

Poverty is broadly defined by the World Bank as “pronounced deprivation in well-being,” typically
understood in terms of a lack of income and limited access to essential services such as food, education,
healthcare, and housing (World Bank, 2023). In low-income countries, poverty is often defined in
absolute terms, referring to the inability to meet basic needs. In contrast, in higher-income countries,
it is seen as a relative concept: individuals are considered poor if they lack the resources needed to
participate adequately in society as it evolves (World Bank, 2023).

In the European Union, poverty is measured using the AROPE indicator (At Risk of Poverty or Social
Exclusion), which takes into account three dimensions (Eurostat):

e Monetary poverty: Living in a household with disposable income below 60% of the national
median.



e Low work intensity: Living in a household where working-age members worked less than 20%
of their total work potential over the past year.

e Severe material and social deprivation: Inability to afford essential goods or services, such as
paying bills on time, adequately heating the home, or participating in basic social activities.

A person is considered at risk of poverty or social exclusion if they meet at least one of these criteria.

In Belgium, Statbel, the national statistics institute, reported that in 2024, 18.2% of the population was
at risk of poverty or social exclusion, slightly lower than in 2023 (18.6%). The highest rate was observed
in the Brussels-Capital Region (37%), followed by Wallonia (24%) and Flanders (12.2%). Focusing only
on income poverty (AROP), 11.5% of Belgians had an income below the poverty threshold, which in
2024 corresponded to €18,235 per year for a single adult (Statbel, 2025).

To address these issues, the European Commission has set a target to reduce the number of people at
risk of poverty or social exclusion by 15 million by 2030, including 5 million children. However,
projections suggest that Belgium is unlikely to meet this target (Federal Planning Bureau, 2024).

Several reasons explain why poverty can impact weight. Firstly, healthy foods tend to be more
expensive, making them less accessible to low-income families. Additionally, some low-income
neighborhoods, known as “food deserts”, lack affordable options for nutritious food, making healthy
eating more difficult. Meanwhile, high-fat, calorie-dense foods are often cheaper and more widely
available, making them a common choice for those with limited resources. There is also an increasing
trend among the youth to consume sweet snacks and sodas, as they are cheaper than healthy snacks
like fruits. This leads to poor dietary habits and eventually adolescent obesity (Finkelstein &
Strombotne, 2010; Zukiewicz-Sobczak et al., 2014).

The living environment also plays a significant role in influencing weight. A study conducted in Turkey
(Pirgon & Aslan, 2015) highlighted a strong correlation between children's living environments and
their likelihood of being overweight or obese. Childhood obesity is found to be more prevalent in
economically disadvantaged urban areas, where low-income households are more likely to live in
neighborhoods with limited access to green spaces, recreational facilities, and safe walking paths.

In addition, rapid urbanization has contributed to this issue. Many families, especially in under-
resourced areas, tend to keep their children indoors due to safety concerns or a lack of suitable outdoor
spaces. This often leads to increased screen time and reduced physical activity, further contributing to
childhood obesity (Pirgon & Aslan, 2015).

Further research reinforces the importance of neighborhood design in shaping health outcomes.
Specifically, individuals living in more walkable environments tend to have lower body weight. For
example, Kowaleski-Jones et al. (2017), using propensity score matching on cross-sectional data from
Salt Lake County, found that mothers in more walkable neighborhoods had lower BMI. Similarly, Wang
et al. (2022), using data from the U.S. National Health Interview Survey, confirmed a negative
association between walkability and BMI.

Beyond physical activity, the food environment also contributes to obesity disparities. In Flanders,
Smets and Vandevijvere (2022) found that the number of fast-food outlets and convenience stores
near schools increased between 2008 and 2020. Using spatial data, they assessed the food
environment around schools and linked it to school-level obesity rates. Their results showed a positive
correlation between the density of fast-food outlets and the weight of children under 12, with stronger
effects among children from economically disadvantaged families.



Another important channel through which poverty may influence obesity is education. Children
growing up in low-income households often face barriers to educational attainment, including limited
access to quality schools and fewer academic resources. According to Ferguson et al. (2007), such
disadvantages in early life can have lasting effects on cognitive development and academic
achievement.

Lower levels of education are associated with reduced health literacy, less healthy diets, and a higher
risk of obesity. A study using sibling data from the Wisconsin Longitudinal Study (Kim, 2016) found that
higher levels of education were associated with lower BMI, as educated individuals are more likely to
adopt healthier behaviors. An analysis of four OECD countries (Australia, Canada, England, and Korea)
suggests a strong negative correlation between education and obesity, particularly among women.
However, the causal relationship remains uncertain. For instance, using changes in compulsory
education laws in Denmark, Arendt (2005) found mixed results regarding the impact of education on
BMI. In contrast, Spasojevic (2003, as cited in Devaux et al., 2011) demonstrated that an additional
year of education in Sweden has a causal effect on maintaining a healthy BMI.

In Belgium, a study using data of a representative random sample of individuals aged 20-69 years old
in Liege revealed that abdominal obesity is associated with lower educational level and economic
disadvantages (Streel et al., 2015). Furthermore, another study conducted in Belgium, using a
representative sample of 10,084 individuals aged 2 to 17 years, concluded that the increase in
childhood obesity was more pronounced among children with less educated parents (Drieskens et al.,
2024).

Education is often linked to higher health knowledge, also referred to as ‘health literacy’. Health literacy
is defined as “the degree to which individuals have the capacity to obtain, process, and understand
basic health information and services needed to make appropriate health decisions” (Ratzan & Parker,
as cited in Van Der Heide et al., 2013). Using regression analysis based on the 2013 Danish health and
morbidity survey, Friis et al. (2016) identified health literacy as a mediator that explains the
relationship between education and health outcomes, including obesity. Similarly, a study conducted
in the United States (Chari et al., 2013) revealed that adolescent obesity was negatively correlated with
health literacy. The study also showed that obesity in school-aged children was associated with both
the health literacy and obesity levels of their parents, suggesting that individuals with greater health
knowledge are more likely to adopt healthier lifestyles.

In the context of Belgium, based on the Health Interview Survey, Berete et al. (2024) highlighted that
health literacy partially mediates the relationship between educational attainment and income, and
health behaviors. Health literacy was found to be positively associated with physical activity and diet.
However, the mediating role of health literacy remains limited.

While our paper will analyze the causal impact of poverty on obesity, it is important to discuss the
reverse relationship between obesity and poverty. Komlos and Rashad (2014) wrote that obesity can
limit earnings by three ways: when the employer has a distaste for obese workers (“cosmetic
discrimination”), when obesity is perceived as a proxy for low productivity by employers so they would
be willing to employ them at a lower wage (“statistical discrimination”) and finally when employers
provide fewer job-trainings to obese workers, which results in a lower wage over time (“job promotion
discrimination”). They found that obesity had a negative impact on wages for women in the US and
Southern Europe, but not in the North of Europe (like Belgium). Moreover, they did not find any
significant effect of obesity on wages for men. Brunello and D’Hombres (2006) found similar
conclusions: the negative impact of the weight on the wage is larger in the South of Europe.



Another important point to mention is that all the studies mentioned above used the Body Mass Index
(BMI) as a measure of obesity. However, BMI has some limitations. It does not differentiate between
fat, muscle, and bone mass, which can result in misclassifying muscular individuals as 'obese' when
they are not (Burkhauser & Cawley, 2007). It is also argued that BMI is a poor measure of obesity, as
itis weakly correlated with actual body fat. Alternative measures, such as waist circumference or body
fat percentage, provide a more accurate assessment of fatness. Given the limitations of our dataset,
which includes only height and weight, BMI represents the most viable measure of obesity for this
study. Future research could benefit from incorporating more precise measures of body weight.

To conclude, while studies like Salmasi and Celidoni (2017) have examined the poverty obesity paradox
at a European level, there remains a lack of research focused specifically on Belgium. Additionally, while
previous analyses have employed instrumental variables to address the reverse causality, identifying a
valid instrument can be challenging given our database. This study aims to address these gaps by using
micro-level data from the Belgian Health Interview Survey and applying alternative methods, such as
the Lewbel Model, to establish the causal relationship between poverty and obesity in Belgium.



Data & descriptive statistics

1.1. Presentation of the database

This study uses data from the Health Interview Survey (HIS), conducted by Sciensano, the Belgian
Institute for Health. The HIS is a nationally representative cross-sectional survey carried out in six waves
between 1997 and 2018, collecting comprehensive information on Belgian residents' health behaviors,
socio-economic conditions, living environments, and financial situations.

Each wave consists of a net sample of approximately 10,000 individuals, interviewed at both the
individual and household levels. At the individual level, two types of questionnaires are used: a face-
to-face questionnaire, conducted by an interviewer, and a self-administered questionnaire, completed
independently by respondents aged 15 and above, as this type of questionnaire includes more sensitive
topics such as mental health and substance use.

The HIS was repeated several times throughout time (1997 to 2018), but this analysis only focuses on
the 2013 and 2018 waves, as some variables (such as nutritional habits and access to parks) are only
available in those years.

Our main sample consists of adults aged 18 and over, since some indicators (such as educational
attainment) do not apply to minors. However, to complement the main analysis, we also include a
robustness check based on individuals under 18, to explore whether childhood poverty is associated
with obesity.

After merging the individual and household datasets, the final sample includes 12,552 individuals aged
2 to 102. The adult sample forms the main analysis, while the child and adolescent data serve as a
secondary analysis.

It is important to note that Sciensano provides a weighting procedure to make the survey data more
representative of the Belgian population. These weights correct for unequal selection probabilities,
non-response, and demographic imbalances. However, for the sake of simplicity, those weights are not
applied in this study. As a result, the findings presented may not fully reflect the Belgian population
and should be interpreted with that limitation in mind.

1.2. Theoretical model
To evaluate the impact of poverty on obesity, the following model will be estimated :

Obese; = By + B1Income quintiles; + f,Education; + [3Age; + fiGender;
+ BsRegion of residence; + fsUrbanization; + B,Access to parks;
+ PgPhysical activity; + foNutrition habits; + &

Dependent Variable

Obesity is measured using the Body Mass Index (BMI). The dependent variable is a binary indicator
equal to 1 if the individual’s BMI is greater than or equal to 30 (classified as obese according to WHO
standards), and 0 otherwise. In the HIS dataset, a pre-constructed variable already identifies obesity
among adults based on this threshold.

For children and adolescents, obesity is not defined using a fixed BMI cut-off. Instead, classification
relies on age- and sex-specific thresholds developed by Cole and Lobstein (2012). Because children’s
BMI varies naturally with age and differs between boys and girls, adult BMI classifications cannot be
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directly applied. Using adult cut-offs would risk misclassifying many children’s weight status. To address
this, Cole et al. (2000) aggregated data from six countries (Brazil, Great Britain, Hong Kong, the
Netherlands, Singapore, and the United States) to establish international age- and sex-specific BMI
centile curves. These curves were designed to adjust BMI thresholds across childhood and adolescence
while aligning with the adult definitions of overweight (BMI = 25) and obesity (BMI > 30) at age 18. This
provides standardized, internationally comparable, and less arbitrary thresholds for defining
overweight and obesity in children.

Independent Variables

Poverty is measured using household income after social transfers, categorized into quintiles. These
range from 1 (lowest income group) to 5 (highest), reflecting each household’s position within the
national income distribution in Belgium. In the analysis, the richest quintile (quintile 5) is used as the
reference category, allowing us to compare the probability of being obese for individuals in the lowest
income group relative to those in the highest.

Education is measured based on the highest diploma obtained by the individual. It is a categorical
variable ranging from 1 (no diploma or only primary school) to 4 (higher education, like a bachelor’s or
master’s degree).

Age and gender are included as demographic control variables. Based on the literature, the probability
of obesity is expected to increase with age and with being male.

The region of residence is included as a categorical variable distinguishing between Flanders, Brussels,
and Wallonia.

The urbanization level corresponds to the type of area where the respondent lives, ranging from 1
(rural) to 4 (big cities and dense agglomerations). As discussed in the literature, the living environment
may influence dietary and physical activity behaviors, and thus obesity.

Access to parks is measured using a dummy variable indicating whether the respondent has access to
green or recreational public spaces (1 = yes, 0 = no). This reflects environmental constraints that may
limit physical activity.

Physical activity is captured using the indicator for leisure-time physical activity, based on WHO
guidelines. The indicator is available at the individual level for respondents aged 15 and above. This
variable ranges from 1 (sedentary) to 3 (high-intensity physical activity or more than 4 hours of
training).

Nutritional habit is measured by a variable indicating the frequency of sweet and salty snack
consumption, as the literature has shown a strong link between high snack consumption and increased
obesity risk. The variable ranges from 1 (never) to 5 (once or more a day).

All variables included in the model are summarized in Appendix 1. The table provides the variable
names, value ranges or categories, and the survey years for which the data are available.



1.3. Descriptive statistics

This section presents some descriptive statistics to provide an initial overview of the key variables in
the analysis, with a particular focus on the relationship between obesity and income. As a reminder,
the sample used in this study might not be representative of the Belgian population due to the non-
use of sampling weights. Therefore, the results apply only to our sample and should be interpreted
with caution.

General overview of the database

The database consists of 12,552 individuals, including 3,156 individuals under the age of 18, and covers
two survey years: 2013 and 2018.

Table 1 presents a general overview of the sample’s characteristics, including age, gender, region of
residence, and degree of urbanization and income quintiles. The sample is relatively balanced across
key variables. The distribution between male and female respondents is nearly equal, with 48.9% men
and 51.1% women. The two survey waves are relatively balanced, though 2018 represents a slightly
larger share of the sample (54%) compared to 2013 (46%).

In terms of age, the largest age group consists of middle-aged adults (40-64), who constitute 36% of
the sample. Regionally, most respondents live in Flanders (39.5%) and Wallonia (36%), while Brussels
accounts for 24.6% of the sample. As for the degree of urbanization, 46.2% of individuals live in large
cities or dense agglomerations, while only 15.4% live in rural areas.

Regarding income quintiles, 24% of the sample belongs to households classified in the fifth income
quintile (the highest), while 18% falls into the first quintile (the lowest). Overall, the sample shows a
relatively balanced distribution across the five income groups



Table 1 : General overview

Observations Proportion (%)

2013 5,779 46.04
2018 6,773 53.96
Total 12,552 100
Male 6,138 48.90
Female 6,414 51.10
Total 12,552 100
Flemish Region 4,954 39.47
Brussels' Region 3,084 24.57
Walloon Region 4,514 35.96
Total 12,552 100

Big cities and dense

5,795 46.17
agglomerations

Suburban / banlieus 1,797 14.32
Urbanized municipalities 3,028 24.12
Rural 1,932 15.39

Total 12,552 100
2-17 years old 3,156 25.14
18-39 years old 2,739 21.82
40-64 years old 4,521 36.02
65+ years old 2,136 17.02

Total 12,552 100
1st income quintile 2,247 17.20
2nd income quintile 1,971 15.70
3rd income quintile 2,497 19.89
4th income quintile 2,816 22.43
5th income quintile 3,021 24.07
Total 12,552 100.00

Source: Own computations based on the data from the HIS database

Distribution of the weight classes

Figures 1 and 2 display the distribution of weight status among adults and youngsters, respectively. As
said earlier, the classification of weight categories differs between the two groups: adult BMI categories
are based on standard WHO cutoffs, while for children and adolescents, the classification is age- and
sex-specific.

Among adults, nearly half of the respondents (47%) have a normal weight. However, a considerable
proportion is overweight (35%), and 16% are classified as obese. Underweight is less common, affecting
only 2% of the adult population.

Among youngsters, 80% are classified as neither overweight nor obese, while 13% are overweight and
7% are obese. It is important to note that within the group labeled as “not overweight nor obese,” the
database does not allow us to distinguish between children with normal weight and those who are
underweight. For children, only the variables “overweight” and “obese” are available, while BMI values
and the corresponding categories of underweight and normal weight are not provided.



Figure 1: Weight status — adults Figure 2: Weight status -
youngsters

Weight status - youngsters

obese
7%

Weight Status- Adults
_Underweight
2%
Obese - overweight
16% 13%

—Normal weight
47%

not obese nor
overweight
80%

Overweight _
35%

Source: Own computations based on the data from the HIS database

Distribution of obesity by gender and age

Figure 3 presents the distribution of obese individuals by gender across age groups. This analysis is
restricted to individuals classified as obese. Among children and adolescents (2—17 years), as well as
young adults (18—39 years), obesity is more prevalent among females than males. However, this trend
reverses in the older age groups: from age 65 onward, the proportion of obese individuals is slightly
higher among males. In the 40-64 age group, the gender gap narrows, with nearly equal shares of
obese men and women.

Figure 3: Distribution between men and women among obese by age group

Distribution between men and women among obese in
each age group

100%
80%
60%
40%
20%

0%

2-17 years 18-39 years 40- 64 years 65+ years

Percentage

Age groups

mfemale % mmale %

Source: Own computations based on the data from the HIS database

Prevalence of obesity by region and year

Figure 4 presents the proportion of obese adults by region for the years 2013 and 2018. We observe
an increase in obesity prevalence in Flanders and Wallonia over this period, while the proportion
remains relatively stable in Brussels. In both years, Wallonia shows the highest obesity rates, with 18%
of its adult population classified as obese in 2018.

10



Figure 4: Proportion of obese adults by region and year

Proportion of Obese Adults by Region and Year

Flemish Brussels Wallonia

Proportion of obese
= = .S} [\S]
[4)] (=] [4)] (=] (4]

o

m2013 (%) m2018 (%)

Source: Own computations based on the data from the HIS database

Relationship between income quintile and weight

The central focus of this study is the relationship between poverty and obesity. To explore this, both
the distribution of weight classes and the average BMI across income quintiles are examined. Weight
status is defined based on BMI, using the WHO classification. Figure 5 displays the distribution of weight
categories among adults aged 18 and over, where the first quintile represents the lowest-income group
and the fifth the highest.

As income increases, a clear pattern emerges: the proportion of individuals with normal weight rises
from 39% in the lowest quintile to 50% in the highest, while obesity prevalence drops from 21% to 11%.
The share of overweight individuals also decreases slightly with income.

In addition, Figure 6 presents the average BMI for adults by income quintile, showing a similar
downward trend: individuals in the lowest quintile have an average BMI of 26.4, compared to 25.0 in
the highest quintile. Together, these findings suggest a negative relationship between income and body
weight among Belgian adults.
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Figure 5: Weight status by income quintile - adults
Weight status by income quintile
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Source: Own computations based on the data from the HIS database

Figure 6 : average BMI by income quintile - adults

Average BMI by income quintile

27.00

26.50

26.00
25.50
25.00
24.50 I
24.00

1st Quintile 2nd Quintile 3rd Quintile Ath Quintile 5th Quintile

Average BMI
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Source: Own computations based on the data from the HIS database

Education and weight status

The relationship between weight status and education level is also examined. Figure 7 shows the
distribution of weight categories by educational attainment for adults. The trend is similar to what was
observed with income: as education level increases, the proportion of individuals with normal weight
rises, while the share of obese individuals decreases, from 21% among those with no or low formal
education to 11% among those with higher education.

These results appear to align with the idea that higher socioeconomic status is associated with
healthier weight outcomes.
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Figure 7: Weight status by education level - adults
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This section provided a first look into the potential relationship between income (and by extend
poverty) and obesity. As suggested by the descriptive graphs, there appears to be a correlation between
lower income levels and higher obesity rates. However, descriptive statistics alone cannot establish
causality. To assess the impact of poverty on obesity, more advanced statistical methods are required.

The next section defines the methodological approach used in this analysis.
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Methodology

1.1. Naive estimation

As a first step to understand the relationship between poverty and obesity, a logit model is used. Given
the binary nature of the dependent variable (obesity), this approach allows us to estimate the
probability of being obese based on different income quintiles.

In a first specification, a simple model is used, including only the income quintiles as explanatory
variables. In a second step, control variables were added, such as age, gender, education, and others
mentioned in the theoretical model.

However, it is important to acknowledge the limitations of this naive estimation. In particular, the
model may suffer from endogeneity. As discussed in the literature review, reverse causality is possible:
obesity can influence employment status and, by extension, income. If income is endogenous, the
coefficients from a logit model are biased and inconsistent, and the marginal effects cannot be
interpreted causally. Therefore, another method is used to address this issue.

1.2. A solution to endogeneity

As discussed earlier, our model is susceptible to endogeneity, primarily due to the potential for reverse
causality between income and obesity. This means that the coefficients from a naive logit estimation
may be biased. A common way to address endogeneity is to use instrumental variables (IV) in a two-
stage regression. However, no variable available in the HIS dataset satisfies both the relevance and
validity conditions required for an instrument.

To overcome this limitation, the Lewbel (2012) method is used. This approach enables us to generate
instruments from the data itself by exploiting heteroskedasticity in the first-stage error term. The key
idea is to use interactions between mean-centered exogenous variables and the heteroskedastic
component of the error to construct instruments that satisfy IV assumptions. This method is useful
when external instruments are available.

The method is based on three main assumptions (Baum & Lewbel, 2019) -

e Endogeneity through common unobserved factors: The unobserved factors in the first-stage
equation (income) and the outcome equation (obesity) are correlated, meaning some hidden
variables affect both, creating endogeneity.

e Exogeneity of the constructed instruments: The Lewbel instruments must not be correlated
with the unobserved error term in the second stage equation. The instruments can affect
obesity only indirectly, through income. This is a difficult assumption to verify in practice.

e Presence of heteroskedasticity in the first-stage residuals: The error term from the first-stage
regression must display heteroskedasticity. This is what allows Lewbel’s method to generate
instruments from the data. If the error variance is constant, the method cannot be applied.
This is why we need to test for heteroskedasticity (e.g., using Breusch—Pagan or White tests)
before applying the method.

The Lewbel method was originally designed for linear models estimated by Ordinary Least Squares
(OLS). In our case, the outcome variable (obesity) is binary, making the model nonlinear and preventing
direct application of the standard two-stage least squares (2SLS) framework. To adapt Lewbel’s idea to
this context, we consider two alternatives:
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e Linear Probability Model (LPM): Treat the binary outcome as a linear probability and apply
Lewbel IV estimation directly using OLS.

e Control Function Approach (CFA): Incorporate the residuals from the first-stage Lewbel
regression into a nonlinear model (e.g., logit), which corrects for endogeneity while
maintaining the binary nature of the dependent variable.

1.2.1. Linear probability model

The first alternative consists of treating the model as linear and applying the Lewbel heteroskedasticity-
based IV method using Ordinary Least Squares (OLS). This leads to the Linear Probability Model (LPM),
where the dependent variable equals 1 if the individual is obese and 0 otherwise.

The estimation follows the two-stage least squares (2SLS) logic within the Lewbel framework:
First stage (instrumenting income):

We first estimate income quintiles as a function of exogenous covariates (age, gender, education,
region, urbanization, etc.) and obtain the residuals from this regression. Then, following Lewbel, we
construct instruments by interacting the mean-centered exogenous variables with these residuals.
These generated instruments capture variation in income that comes from heteroskedasticity in the
data.

Next, we re-estimate the first-stage regression of income quintiles on the exogenous covariates and the
Lewbel instruments. This provides fitted values of income that are purged of endogeneity.

Income_Quintile;
= fo + B14ge; + B,Gender; + fzEducation; + B,Region of residence;
+ BsUrbanization; + Lglncome_work; + [;Unemployement_benefits;
+ Bg0ld_age_benefits; + BySickness_benefits; + B4y Social_support;
+ f11Family_allowances; + 1,0ther_benefits; + fi3Household_size; + &;

More details about the variables are available in Appendix 1
Second stage (LPM for obesity):

In the second stage, the binary variable obese is regressed on the instrumented income quintiles and
additional exogenous variables:

Obese; = By + B1Income_quintile, + [,Education; + [3Age; + f,Gender;
+ BsRegion of residence; + fsUrbanization; + [B,Access to parks;
+ fgPhysical activity; + foNutrition habits; + &

Here, Income_quintile represents the fitted values from the first stage, ensuring correction for the
potential endogeneity of income.

The LPM offers several advantages: it is simple to implement, coefficients are easy to interpret, and it
is naturally compatible with instrumental variables (Wooldridge, 2010). More importantly, it works well
with the Lewbel approach, which is designed for linear IV estimation.

However, the LPM has well-known drawbacks. It can predict probabilities outside the [0,1] range and
assumes a linear relationship between the explanatory variables and the probability of the outcome.
This may not hold in our case: for instance, the change in obesity probability when moving from the

15



1st to the 2nd quintile may differ from the change between the 4th and 5th quintiles. Assuming
constant marginal effects when the true relationship is nonlinear can lead to biased estimates (Deke,
2014).

Researchers typically use the LPM not for prediction but to estimate causal effects (Chen et al., 2023).
Deke (2014) shows that in randomized experiments, the LPM produces treatment effect estimates that
are just as accurate as those obtained from logistic regression. This highlights its practical value in policy
evaluation and supports its use as a simple and transparent alternative to nonlinear models.

Nevertheless, given the nonlinear nature of the relationship between obesity and income quintiles, a
more appropriate specification is needed. Therefore, in the next section, we turn to the Control
Function Approach, which accounts for nonlinearity.

1.2.2.  The Control function approach

To address the nonlinearity of our outcome variable (obesity), we use the control function approach
(also known as the two-stage residual inclusion (2SRl)). This method adapts instrumental variables to
nonlinear models. This method applies the same logic as a two-stage regression in the 2SLS. However,
the difference lies in the fact that the residuals obtained from the first stage regression are included in
the second stage and do not replace the endogenous variable. This allows for control of the
endogeneity present and enhances the consistency of the estimates (Terza et al., 2008).

Terza et al. (2008) demonstrated that, although the control function and the 2SLS produce equivalent
results in linear models, they generally diverge in nonlinear models. In particular, the control function
approach (CFA) remains statistically consistent in nonlinear models such as probit or logit, while 2SLS
does not. This makes the control function approach suitable for models with binary dependent
variables.

Applied to our case with Lewbel instruments, the procedure consists of the following steps:

In the first stage regression, household income quintiles are regressed on exogenous variables likely to
affect income. As in the LPM specification, the Lewbel instruments are constructed by exploiting
heteroskedasticity in the residuals of this regression. The residuals from the first stage are then added
to the second stage equation, capturing the unobserved factors influencing income that may also affect
obesity.

In the second stage regression, a logit model is then estimated for obesity, where the main equation
includes the endogenous variable (income quintiles), the exogenous controls, and the residuals from
the first stage:

Obese; = By + B1Income_quintile; + f,Education; + B3;Age; + fiGender;
+ BsRegion of residence; + fsUrbanization; + [;Access to parks;
+ fgPhysical activity; + foNutrition habits; + fioResiduals + ¢;

Compared to the LPM, which assumes a linear relationship and uses fitted values in the second stage,
the CFA accommodates the nonlinear nature of the obesity outcome and includes the first-stage
residuals directly in the logit model.
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1.2.3. Limitations

The Lewbel model is useful to address endogeneity when no other external instruments are available,
but it relies on some important assumptions and comes with some limitations. First, the Lewbel
method relies on heteroskedasticity in the first-stage regression to generate instruments. If there is no
heteroskedasticity, the method cannot be applied. Therefore, it is essential to test for
heteroskedasticity in the first-stage model before applying this approach.

Second, in order for the LPM and CFA to yield consistent estimates, the first-stage equation must be
well specified. This means including all relevant variables that may affect income. In our case, we used
all variables available in the HIS database that are likely to influence income, but it is still possible that
some important factors (like personal motivation) are missing and unobserved. This could affect the
quality of the results.

Third, because the instruments are generated from the model itself, their quality depends heavily on
the variables chosen in the first stage. If the exogenous variables are weakly correlated with income,
the instruments may also be weak. Therefore, it is important to test the validity and relevance of these
generated instruments using standard diagnostics, such as the first-stage F-statistic.

A more difficult assumption to assess is the exclusion restriction, which requires that the instruments
affect the outcome variable (obesity) only indirectly through the endogenous variable (income
quintile), and not directly. This is particularly problematic when using internally generated instruments,
such as those derived from Lewbel’s method, since they are not grounded in theory or derived from
external sources. Because they are constructed from residuals and exogenous variables, it is not
possible to formally test whether they satisfy the exclusion restriction. As a result, the validity of these
instruments relies on untestable assumptions, and any conclusions drawn from this approach must
therefore be interpreted with caution (Bastardoz et al., 2023).

The next section presents the empirical results.
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Empirical results

In this section, the results from the different models are presented, preceded by some preliminary
tests.

1.1. Preliminary tests

Heteroskedasticity :

The Lewbel’s method relies on the presence of heteroskedasticity in the first-stage regression errors to
generate valid instruments. To test this, a Breusch-Pagan test was performed. The null hypothesis of
homoskedasticity was rejected (p < 0.001), confirming the presence of heteroskedasticity and
supporting the application of Lewbel’s method.

Relevance of instruments:

To ensure that the endogeneity of the income variable is properly addressed, the quality of the
instruments must be assessed in terms of both relevance and validity.

For the Control Function Approach (CFA), the first-stage regression of income on Lewbel-generated
instruments yielded an F-statistic of 346.09 (p < 0.001), well above the conventional threshold of 10.
This confirms that the instruments are relevant and suitable for use in the CFA.

To test for the relevance of the instruments in the LPM, the Cragg-Donald Wald F-statistic was given.
The Cragg-Donald Wald F-statistic for the LPM was only 1.164, far below the threshold. This indicates
the instruments are weak in this specification, which can lead to biased and inconsistent estimates.
While the Hansen J test failed to reject the null hypothesis of valid overidentifying restrictions (p =
0.366), the weak instrument problem suggests that results from the LPM specification should be
interpreted with caution.

Validity of the instrument:

An important condition is that the instruments must be uncorrelated with the structural error term in
the obesity equation. As explained earlier, because these instruments are internally generated from
the data rather than grounded in external theory, this assumption cannot be directly tested.
Consequently, the validity of the results relies on untestable assumptions, and conclusions should be
interpreted with caution.

Model specification:

For the Control function to yield consistent and unbiased estimates, both the first-stage and second-
stage equations must be correctly specified. To assess potential misspecification in the first-stage
equation, a Ramsey RESET test was conducted. The results indicated a rejection of the null hypothesis
(Prob > chi2 = 0.0001), suggesting the presence of misspecification in the first-stage model.

For the second-stage logit regression, a link test was performed. The squared predicted value was
statistically significant (p = 0.000), indicating possible misspecification in the outcome model as well.
This suggests that some relevant factors influencing obesity may not be captured, even though a wide
range of control variables was included.

Because the first-stage regression is identical for both the CFA and the LPM, the same concerns about
specification apply to the LPM.
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Endogeneity :

In the control function, Endogeneity is tested via the significance of the residual from the first-stage
regression, included in the second-stage logit regression. The residual was found to be statistically
significant (p < 0.10), indicating the presence of endogeneity and confirming the need for correction
through instrumental variables.

For the LPM, a Durbin—-Wu—Hausman test failed to reject the null of exogeneity (p = 0.3846). However,
due to the weakness of the instruments in this specification, this result may not be reliable.

1.2. Discussion of results

As a reminder, the goal of this thesis is to analyze whether poverty has an impact on obesity. To
investigate this, income quintiles are used as a proxy for poverty, with a particular focus on comparing
individuals in the first income quintile (the poorest) to those in the fifth quintile (the richest), which
serves as the reference group. By observing how the probability of being obese changes across income
levels, especially between these two extremes, we aim at identifying whether and how poverty
increases the risk of obesity.

Table 2 presents the results from the 4 model specifications, based on a sample of 9,396 observations.

Column (1) shows the average marginal effects of the naive logit model with no control variables. All
income quintiles show a positive and statistically significant association with obesity at the 1% level. In
particular, individuals in the first income quintile are, on average, 10.2 percentage points more likely to
be obese than those in the fifth quintile. However, this model does not account for any other variables.

Column (2) presents the average marginal effects of the logit regression with controls (e.g., education,
age, gender, region, urbanization, lifestyle). After controlling for these factors, the income coefficients
remain positive and significant. The marginal effect of the first quintile drops to 5.5 percentage points,
suggesting that some of the income-obesity relationship is explained by observable characteristics.

However, this model may still suffer from endogeneity. Therefore, column (3) presents the results from
the control function approach using Lewbel instruments. The first-stage residual is statistically
significant at the 10% level, confirming the presence of endogeneity. The average marginal effect of the
lowest income quintile increases to 9.9 percentage points, implying that the logit model of the
specification (2) likely underestimated the true impact of poverty on obesity.

Column (4) displays the results of the 2SLS regression using the linear probability model (LPM) with
Lewbel instruments. Here, none of the income quintiles are statistically significant, suggesting that
income and, by extension, poverty, have no significant impact on obesity. Moreover, education is also
insignificant in this specification, which further diverges from both the literature and the other models'
results. These inconsistencies are likely due to the presence of weak instruments in the LPM
specification, as confirmed by a low Cragg-Donald F-statistic. As weak instruments can produce biased
and unreliable estimates, the results from the LPM should be interpreted with caution.

Given the strength of the instruments and the consistency of results with theory and prior research,
the control function approach remains the most reliable specification.

Regarding the control variables, education is significant across all models (except the LPM): individuals
with higher education levels are less likely to be obese, consistent with findings in the literature. Age
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shows a small but statistically significant positive effect, and gender also matters, with males slightly
more likely to be obese than females.

Interestingly, the level of urbanization and access to parks or recreational public spaces are not
statistically significant. This contradicts findings in the literature and suggests that these environmental
factors may not play a significant role in obesity within the Belgian context.

Physical activity and snack consumption are both significant at the 1% level. Physical activity has the
expected negative effect on obesity. However, the negative coefficient on snack frequency is
unexpected. This would suggest that more frequent snacking is associated with a lower probability of
obesity. This result may be due to misreporting in the original dataset and should be further
investigated.

To summarize, after controlling for both observed factors and endogeneity, the results suggest that
poverty, proxied by low income, significantly increases the likelihood of being obese. While the findings
are consistent with previous research, they must be interpreted with caution due to potential
limitations in the data and identification strategy.
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Table 2: Table of results - Adults

(1) (2) {3) &)
Obese Obese Obese Obese
Income quintiles
5 income quintile Ref. Ref. Ref. Ref.
4 income quintile 0.028™" 0.018" 0.0z -0.198
{0.010} (0010} {0.011} {0.155)
3" income guintile 0.060"" 0.034™ 0.054™ 0.123
(0.011) (0.011) {0.015} (0.143}
2 income guintile 0.070™ 0.027"" 0.057™" -0.018
(0.012} (0.012) (0.021) {0.120)
1# income quintile 0.102™ 0.055™ 0,098 0.066
(0.013} (0.013) {0.029) {0.138)
Highest diploma -0.017" -0.010° -0.008
{0.004) {0.006) {0.019)
Age 0.1 0.o01™" 0.001°
{0.000) {0.000) {0.000)
Gender (ref = female) 0.016" 0.018" 0.019"
{0.007) {0.007) {0.009)
Region of residence
Flemish region Ref. Ref. Ref.
Brussels region -0.002 -0.005 -0.014
(0.011) {0.011} {0.015)
Walloon region oozt 0.018™" 0.019
{0.009) {0.009) (0.013}
Level of urbanization -0.004 -0.005 -0.006
(0.004) (0.004} {0.005)
Access to parks and/or -0.024 -0.022 -0.021
recreational public spaces [0.018) [0.018) [0.021)
Freguency of sweet and -0.010""" -0.010"" -0.008"
salty snacks {0.003) {0.003) (0.004)
leisure time physical activity -0.0617"" -0.060™"" -0.057""
{0.008) (0.006) {0.004)
Residuals -0.013°
{0.007}
Observations 9,305 9,396 9,395 9,396

Standard errors in parentheses
Tp=01, T p=005, T p=001

Source: Own computations based on the data from the HIS database
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Complementary analysis & Robustness checks

In this section, we extend the main analysis to explore whether the observed relationship between
poverty and obesity holds in two additional contexts: among children and when accounting for health
literacy. These robustness checks help verify the stability of the results and provide further insights into
how poverty affects different population subgroups.

1.1. Obesity among the youth

A large part of the literature review focuses on the impact of poverty on childhood obesity. Therefore,
as a complementary analysis, it is relevant to examine whether growing up in an economically
disadvantaged household affects the probability of obesity among children and adolescents in the
Belgian sample. Prior studies have found that children from lower-income households face a higher
risk of obesity.

We estimate a model similar to the one applied in the main analysis, but with some adjustments:

Obese; = By + B1Income quintiles; + B,highest_Education; + B;Age; + BsGender;
+ BsRegion of residence; + f¢Urbanization; + ;Nutrition habits; + ¢

As explained earlier, obesity in children is not defined the same way as for adults. Obesity is defined
using age-specific cutoffs for children and adolescents. The education variable here reflects the highest
diploma obtained within the household. Finally, the variables physical activity and access to parks are
excluded, as they are only available for respondents aged 15 and above.

Contrary to the previous analysis focusing on adults, the risk of reverse causality is lower in this case.
Household income is determined primarily by the earnings of adults, which are unlikely to be affected
by the child’s weight status. However, unobserved factors could still confound the relationship. To
account for this possibility, we apply both the control function approach (CFA) and the linear probability
model (LPM) with Lewbel instruments.

Table 3 presents the results from the same four model specifications using a sample of 3,156 children
aged 2 to 17. The same preliminary tests were performed and gave us the same conclusions as in the
main analysis. The results must also be interpreted with caution.

Across all models, the coefficients for the 3rd and 4th income quintiles are not statistically significant,
suggesting no measurable difference in obesity risk compared to children in the highest income
quintile. By contrast, the 1st income quintile is positive and statistically significant in every model,
indicating that children in the poorest households are more likely to be obese.

In model (3), which applies the control function approach, being in the 1st income quintile increases
the probability of being obese by 8.8 percentage points on average compared to children in the 5th
quintile. However, the first-stage residuals are not significant, implying no evidence of endogeneity in
this subsample, unlike in the adult analysis.

In the LPM (model 4), only the 1st and 2nd income quintiles are statistically significant, in line with the
other models. However, the magnitude of the coefficients is unusually large. For instance, the
coefficient is nearly 20 percentage points for the 1st quintile. This raises concerns about bias due to
weak instruments and a limited sample size. Additionally, education remains statistically insignificant
in the LPM specification, which is unexpected given its well-established link with health outcomes.
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As with the main analysis, it is important to note that some relevant variables, such as physical activity
in this case, are not included in the model, especially in the first-stage regression. Their omission may
limit the accuracy and completeness of the findings.

Table 3: Table of results - Children

1) (2) (3) 4
Obese Obese Obese Obese
Income guintiles
5 incame quintiie Ref. Ref. Ref. Ref.
4 income quintile -0.005 -0.009 -0.00& 0.296"
(0.010) (0.012) (0.011) (0.185)
3" incame quintiie 0.013 0.008 0.015 -0.051
(0.011) (0.013) (0.013) (0.078)
2 income guintile 0.038™" 0.030"" 0.041™ 0.202™
{0.014) (0.015) {0,019} (0.098)
1# income gquintile 0.105™ 0.067™"" 0.088™" 0.198"
(0.014) (0.018) (0.027) (0.093)
Highest education level -0.0217" -0.016™ -0.024
within household (0.005) {0,007} (0.024)
Age -0.006™"" -0.006™"" -0.0057""
(0.001} {0.001) (0.001}
Gender (Ref =female) 0.020" 0.020™ 0.009
(0.009) (0.009) (0.011)
Region of residence
Flemish region Ref. Ref. Ref.
Brussels region -0.017 -0.020 -0.008
(0.012) {0.013) (0.021}
Walloen region 0.002 -0.001 0.002
(0.013) (0.013) (0.018)
Level of urbanization 0.o11™ 0.010™" 0.010
(0.005) (0.005) {0.007)
Freguency of eating sweet -0.011™ -0.011™ -0.012"
and saity snacks (0.004) {0.004) (0.005)
Residuals -0.007
{0.006)
Observations 3,156 3,156 3,156 3,156

Standard errors in parentheses
"p=01, " p<005 " p<00l

Source: Own computations based on the data from the HIS database

Despite some limitations, the results consistently show that children from low-income families are
significantly more likely to be obese than those from high-income families. This confirms previous
research done and the main analysis, and highlights the importance of addressing poverty early in life
to reduce long-term health inequalities.
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1.2. Health literacy

As discussed in the literature review, education may influence obesity partly through health literacy.
The Health Interview Survey (HIS) includes variables on health literacy, but they are only available for
the 2018 wave. For this reason, they were not included in the main analysis. In this section, we restrict
the sample to the 2018 data to control for health literacy and examine whether the results from the
main analysis remain consistent after controlling for health literacy. This analysis is limited to adults
above 18 years old.

We replicate the same four model specifications used in the main analysis, with the addition of a health
literacy variable. This variable is defined as a dummy equal to 1 if the respondent has a sufficient level
of health literacy and 0 otherwise. This variable is based on a six-question survey in which respondents
indicate how easy or difficult it is for them to perform specific health-related actions. Responses are
scored as follows: very easy = 4; fairly easy = 3; fairly difficult = 2; very difficult = 1.

The six questions asked are:
1. Judge when you may need to get a second opinion from another doctor
2. Use the information the doctor gives you to make decisions about an illness
3. Find information on how to manage certain mental health problems, like stress or depression

4. Judge if the information on health risks in the media is reliable? (Examples: TV, Internet, or
other media)

5. Find out about activities that are good for your mental well-being? (Examples: meditation,
sport, walking,...)

6. Understand information in the media on how to get healthier? (Examples: Internet,
newspapers, magazines).

The final score is calculated by taking the average of the six responses. Based on this score, three levels
of health literacy are defined: insufficient (1 < score < 2), limited (2 < score < 3), and sufficient (3 < score
< 4). For this analysis, we use the binary indicator “Sufficient level of health literacy,” which equals 1 if
the respondent has a sufficient level of health literacy and 0 otherwise.

Table 4 presents the results from the four model specifications, including the control function approach
(CFA) and the linear probability model (LPM) to account for potential endogeneity. The sample consists
of 5,024 individuals aged 18 to 102. In model (3), the residuals from the first-stage regression are
statistically significant, confirming the presence of endogeneity in this setting.

The coefficients for the income quintiles remain positive and statistically significant in the CFA
specification, indicating that poverty continues to be associated with a higher probability of obesity,
even after accounting for health literacy. However, the coefficient of the effect is larger than in the main
analysis: individuals in the first income quintile are, on average, 12.9 percentage points more likely to
be obese than those in the highest quintile (compared to 9.9 percentage points in the main sample).

In contrast, none of the income quintiles are statistically significant in the LPM, as was also the case in
the main analysis. Again, this likely reflects problems with weak instruments and potential bias in this
model. Health literacy is also not significant in the LPM.

Surprisingly, in the CFA, the coefficient on health literacy is positive and significant, suggesting that
individuals with a sufficient level of health literacy are more likely to be obese. This is counterintuitive
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and may reflect reporting issues in the HIS health for the health literacy variable. A similar concern was
previously noted with the snack consumption variable. Moreover, once health literacy is included, the
education variable loses statistical significance, which may suggest that part of education's effect on
obesity operates through health literacy or due to misspecification.

In summary, after controlling for health literacy, the results remain broadly consistent with the main
analysis: poverty, as proxied by income quintiles, continues to have a positive and statistically significant
effect on obesity risk.

Table 4: Marginal effects (including health literacy)

(1) {2 2 4

Obese Obese Obese Obese
Income quintiles
5™ income quintile Ref. Ref. Ref. Ref.
4™ income quintile 0031 0.023 0.034°° -0.155
{0.014) {0.015) {0.014) {0.232)
3 income quintile 0.055°"" 0.033™ 0.061°"" 0198
{0.015) {0.018) {0.020) {0138
2 jncome guintile 007 0.032° 0.078™"" -0.130
{0.018) (0.017) {0.029) {0.131)
13 income quintile 0.106™" 0.084™"" 0.125""" 0.145
{0.018) {0.018) {0.040) (0.188)
Highest diploma -0.014" -0.005 -0.008
{0.008) {0.008) {0.023)
Age 0.o01"" 0.001°"" 0.001"
(0.000) {0.000) {0.001)
Gender (Ref = femaie) a.o27 0.030°"" 0027
{0010 10.010) {0.012)
Region of residence
Fiemish region Ref. Ref. Ref.
Brussels region -0.025° -0.0307° -0.033°
{0.014) 10.014) {0.0z0)
Walloon regiomn 0.020 0015 0.01e
{0.013) {0.013) {0.018)
Level of urbonizotion 0.003 0.002 0.001
{0.005) {0.005) {0.008)
Access to parks andjor -0.023 -0.021 -0.025
recreational public spaces 10.022) 10.022) {0.028)
Frequency of eating sweet and -0.gaat 0012 -0.00%
salty snacks {0.004) 10.004) {0.008)
Leisure time physical activities -0.080°"" -0.055°"" -0.051°"
{0.003) {0.003) {0.015)
sufficient level of heaith literacy 0.030°" 00307 0.023
{0.011) 10.011) (0.014)
Residuals -0.015°
{0.010)
Observations 5024 5024 5,024 5024

5Standzrd errors in parenthezes
"p<01," p=<005 """ p=0.01

Source: Own computations based on the data from the HIS database
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Conclusion and discussion

To conclude, this thesis aimed to examine whether poverty has an impact on obesity in Belgium. Using
income quintiles as a proxy for poverty, the analysis showed that households in the lowest quintiles
have a significantly higher probability of being obese compared to those in the highest quintile. This
pattern is also true among children: those living in low-income households are more likely to be obese
than those in wealthier households. These findings confirm that poverty plays an important role in
shaping obesity outcomes in Belgium and highlight the need to address social inequalities as part of
obesity prevention strategies.

This study contributes to the limited evidence on the poverty—obesity relationship in Belgium by
applying methods that address endogeneity, including the Control Function Approach with Lewbel-
generated instruments. This approach is useful when no valid external instruments are available, but it
comes with certain limitations.

First, the Belgian Health Interview Survey (HIS) relies on sampling weights to ensure
representativeness, but these were not applied in this study. As a result, the findings may not fully
reflect the Belgian population. Future research should re-estimate the models with weights to assess
the robustness of the results.

Second, the chosen model specifications also have limitations. The Control Function Approach (CFA)
with Lewbel-generated instruments successfully detected endogeneity in the income variable and
proved the impact of poverty on obesity. However, the CFA relies on several assumptions, and potential
misspecification may have affected the estimates. In contrast, the Linear Probability Model (LPM)
produced weak instrument results, indicating that the instruments were not strong enough in this
specification. This weakness, combined with the risk of misspecification, limits the reliability of the LPM
estimates. Overall, while the Lewbel method is useful when external instruments are lacking, it should
not be seen as a substitute for strong external instruments when these are available (Baum et al.,
2019).

Despite these limitations, the results have clear policy implications. Addressing poverty and inequality
should be a central component of efforts to limit the obesity epidemic in Belgium. Policies that improve
access to affordable and healthy food, create supportive environments for physical activity, and reduce
economic barriers to healthy living could help mitigate the higher obesity risk faced by low-income
households. Moreover, interventions targeted at children in disadvantaged households may be
especially important to break the intergenerational cycle of poverty and poor health.
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Appendix

Appendix 1: table of variables

Variable Name Type of variable Possible values Years available
. 1 =Obese
Obese Binary 0= Not obese 1997-2018
1= First income quintile
Reported equivalent household 2= Second income quintile
income (Belgian weighted Categorical 3=Third income quintile 1997-2018
quintiles) 4= Fourth income quintile
5= Fifth income quintile
1= No diploma or primary education
L . . 2= Lower secondary
Education: highest diploma Categorical 3= Higher secondary 1997-2018
4= Higher education
1= No diploma or primary education
Highest level of education within . 2= Lower secondary
| 1997-201
the household Categorica 3= Higher secondary 997-2018
4= Higher education
Age Continuous Value between 2 and 102 years old 1997-2018
Gender Binary 1= Male 1997-2018
0 = Female
1= Flemish region
Region of residence Categorical 2= Brussels region 1997-2018
3= Walloon region
1= Rural
L . 2= Urbanized municipalities
Level of urbanization Categorical 3= Suburban / banlieues 1997-2018
4= Big cities and dense agglomerations
1= Never
Frequency of eating sweet and 2= Less than once a week
q Zal i snacgks Categorical 3=1to 3 times a week 2013-2018
¥ 4= 4 to 6 times a week
5= Once or more a day
1= Sedentary activities
. . . . . 2=Sport < 4 hours / light activities
Leisure time Physical activity Categorical 3= Intensive training / sport > 4 hours per 1997-2018
week
Access to p'arks or other green or Binary 1= Yes 2013-2018
recreational public places 0=No
Income from work Binary 1=Yes 2008-2018
0=No
. . 1=Yes
Unemployment benefits Binary 0=No 2008-2018
Old-age pension or survivor’s . 1=Yes
benefits Binary 0=No 2008-2018
. s . . 1=Yes
Sickness or disability benefits Binary 0=No 2008-2018
. . 1=Yes
Social support (OCMW/CPAS) Binary 0=No 2008-2018
Family - child(ren) related Binary 1=Yes 2008-2018
allowances 0=No
Other.regular beneﬁ.ts (rental Binary 1=Yes 2008-2018
income, annuity) 0=No
Overcrowded household . 1=Yes
(household size) Binary 0=No 1997, 2013-2018
- . . 1=Yes
Sufficient level of Health literacy Binary 0=No 2018

Source: Health Interview Survey
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EXECUTIVE SUMMARY

Obesity is rising rapidly in Europe and represents a major public health and social challenge.
While the link between poverty and obesity is well-documented in the United States, evidence
for Belgium remains limited. This thesis investigates whether poverty has an impact on obesity
in Belgium and through which mechanisms it influences it.

The analysis uses data from the Belgian Health Interview Survey (HIS) of Sciensano, with
poverty measured through household income quintiles and obesity assessed using the Body
Mass Index (BMI). To address endogeneity concerns, Lewbel’s method was applied.

The results show that individuals in the lowest income quintiles have a significantly higher
probability of being obese compared to those in the highest quintile. This pattern is also

observed among children. These findings highlight the need for integrated policies addressing
both poverty and public health.

KEYWORDS: Obesity, poverty, Lewbel model, control function approach, linear probability
model, endogeneity, Belgium
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