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A B S T R A C T

We use longitudinal electronic clinical data on a large representative sample of the Italian population to
estimate the lifetime profile costs of different BMI classes – normal weight, overweight, and obese (I, II, and
III) – in a primary care setting. Our research reveals that obese patients generate the highest cost differential
throughout their lives compared to normal weight patients. Moreover, we show that overweight individuals
spend less than those with normal weight, primarily due to reduced expenditures beginning in early middle
age. Our estimates could serve as a vital benchmark for policymakers looking to prioritize public interventions
that address the obesity pandemic while considering the increasing obesity rates projected by the OECD until
2030.
1. Introduction

During the last decades, both industrialized and developing coun-
tries have seen significant increases in body weight and BMI due to
unhealthy lifestyles, such as sedentary behavior and high-calorie food
intake (Egger and Dixon, 2014; Popkin et al., 2006). The direct con-
sequence of these changes has been a significant increase in long-term
morbidity and chronic diseases, which then translated into a relevant
public health problem (Atella et al., 2015; Ezzati et al., 2002; Haslam
and James, 2005; Kortt et al., 1998).

Evidence from the International Association for the Study of Obesity
(IASO) shows that the prevalence of obesity (BMI ≥ 30 kg∕m2) has
exceeded 20% in numerous European countries (IASO, 2006). More
recently, the OECD estimated a steady increase in obesity rates until at
least 2030 (OECD, 2017). Exceptionally high obesity rates are projected
in the United States, where in 2030, almost 50% of the population could
be obese. Similar forecasts exist in Mexico (40%) and England (35%).
Although at a slower pace, obesity is also growing in other countries.
For example, in Italy, projections show that the prevalence of obesity
in 2030 (13%) could double its 2000 level.

∗ Corresponding author at: Department of Economics and Finance, Tor Vergata University of Rome, Italy.
E-mail address: atella@uniroma2.it (V. Atella).

1 The project PASSI is an Italian public health surveillance system which collects information continuously on lifestyles and behavioral risk factors of the
population aged 18-69 years living in Italy, with specific concern to the onset of chronic non-communicable diseases and compliance with disease prevention
programs.

Obesity imposes high external costs, which are likely to cause a de-
crease in social welfare (Thompson et al., 1999; Yang and Hall, 2008;
Finkelstein et al., 2010, 2008; Fallah-Fini et al., 2017; Cawley, 2015).
According to a systematic review on the obesity burden in Europe, obe-
sity has a significant economic impact in different European countries,
with associated costs ranging from 0.09% to 0.61% of national gross
domestic income (Müller-Riemenschneider et al., 2008). In a more
recent review, von Lengerke and Krauth (2011) found that all but one
of the 14 studies that compared obese to non-obese groups found higher
costs with obesity, regardless of the type of cost components (total or
specific) examined. In terms of obesity costs in subgroups, men, groups
with a high SES defined by education, income, occupational status, or
a composite index of these indicators, and obese groups with coexisting
physical conditions had higher overall costs. Similar results have been
obtained for the United States. In particular, Wolf and Colditz (1998)
and Thompson et al. (1998) showed that obesity costs account for up
to 10% of US healthcare spending.

Rising obesity rates have become a significant global health concern
in recent years, and Italy, often admired for its healthy Mediterranean
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diet, has not been spared from this challenge. Regarding Italy, a cross-
sectional study carried out on a sample of people 18+ from ten general
practices in the Ravenna local health unit found that, compared to
normal weight patients, the average annual cost of drugs for overweight
and obese patients increased by 86% and 153%, respectively (Degli
Esposti et al., 2006). Similarly, Colao et al. (2017) studied the prevalen-
ce and associated costs of obesity in a population of more than 20,000
people in Italy. Their findings show that obese adults who did not
receive adequate support for their obesity used more prescription drugs,
were hospitalized longer, required more specialized outpatient care,
and had significantly higher costs than normal weight adults. Addition-
ally, the ‘‘Progress by local health units towards a healthier Italy ’’ project
(PASSI), implemented by the National Health Institute (ISS), reveals
a national increasing trend over time until 2017, followed by a slight
decrease until 2022 (rising from 10.3% in 2008 to 10.7% in 2017,
and then dropping to 10.5% in 2022). It is worth noting that when
we examine the variations across regions, we observe a rising trend in
the northern regions, which increased from 9.3% in 2008 to 10.2% in
2022, reaching the national average. In contrast, the southern regions
experienced a peak in 2017, and then a decreasing trend until 2022
(10.9%).1

The increasing prevalence of obesity poses severe risks to the na-
tion’s health, as it can lead to non-communicable diseases (NCDs) such
as diabetes, heart disease, and some forms of cancer and strain the
aging population’s resources. This phenomenon, in turn, threatens the
financial sustainability of the Italian National Health System (NHS).

Although informative, this literature is mainly based on cross-
sectional analyses, providing policy makers with limited knowledge
about how the burden of obesity disease starts and progresses through-
out the life cycle. This limitation is particularly relevant given that
obesity prevention initiatives are motivated by health and economic
considerations. Hence, the possibility of correctly estimating the costs
of obesity throughout a person’s life is of paramount importance to
provide policymakers with a correct evaluation of the amount of money
that might be saved if successful anti-obesity measures are taken and
health interventions are better prioritized.

Furthermore, estimating the lifetime medical expenditure of obesity
is essential because it allows us to solve the ambiguity that arises when
we consider that while obesity increases the risk of diseases and their
treatment (leading to higher annual medical costs), it also shortens
life expectancy for especially high levels of BMI (Stevens et al., 1999;
Allison et al., 2003; Fontaine et al., 2003). Depending on whether the
mortality or expenditure rate is higher, some levels of obesity can result
in lower lifetime medical costs. However, for the US, Finkelstein et al.
(2008) find that ‘‘even after taking differential survival probabilities
into account, costs attributable to obesity are positive for all race and
gender strata’’.2 Moreover, the life cycle approach allows us to sort
out another crucial issue from the standpoint of those countries, such
as the US, where a private health system for workers coexists with a
public pension system. In this case, it is important to understand how
obesity-related health expenditure changes after retirement age.3

As noted in Schell et al. (2021), estimates of lifetime costs of obesity
healthcare are difficult to obtain and vary widely, in part because
available data are limited and the techniques underlying the cost
models are opaque. The ideal estimate must consider several important
factors, including age-related weight gain, different life expectancies,
identifiability, and the choice of the cost model (Schell et al., 2021).

2 They estimate the lifetime costs of obesity by combining medical costs
nd survival data for 20-year-old adults based on age, race, sex, and BMI.

3 Employers and insurers are prone to overlook these costs when deciding
ow much to invest in measures to prevent obesity as long as obesity costs are
ge dependent. Furthermore, successful measures to reduce obesity can result
n higher costs due to longer survival and, therefore, longer participation in
ublic health programs while improving health and reducing costs related to
2

besity. P
Despite these difficulties, several articles have attempted to estimate
the lifelong costs of obesity in the last two decades (Allison et al.,
1999; Thompson et al., 1999; Tucker et al., 2006; Lakdawalla et al.,
2005; Daviglus et al., 2004). Unfortunately, these works had some lim-
itations problems. For example, contributions by Allison et al. (1999)
and Thompson et al. (1999) are biased by the use of the attributable
fraction technique, which includes only a few disorders and does not
properly account for confounding and effect modification. Tucker et al.
(2006) uses a semi-Markov model, based on some difficult-to-verify
assumptions, and for specific BMI levels. As such, their results differ
noticeably from those of previously published studies. Daviglus et al.
(2004) focuses on expenditures from age 65 years to death using
clinical data while the analysis carried out by Lakdawalla et al. (2005),
in a dynamic microsimulation setting, is based on self-reported BMI
measures and is centered on obesity status at age 70.

These estimation problems originate mainly from inadequate data to
measure the phenomenon, forcing researchers to use different datasets
to track changes in BMI and to rely on simplifying assumptions. As
recognized by Schell et al. (2021), ideally, any longitudinal data set
on individual BMI data trajectories should include information that
‘‘would be nationally representative, recent and cover subjects from
early adolescence to their deaths’’. Given that a dataset with such
unique characteristics are very difficult to be found, Schell et al. (2021)
defined a list of criteria to determine whether a dataset deserves inclu-
sion in a study with the aim of estimating an age-related weight gain
curve despite its shortcomings. According to these authors, ‘‘the dataset
should cover over 10 years of subjects’ lives, be relatively recent, have
sufficient follow-up and low attrition rates, have a short time between
observations, objectively measure height and weight, and be nationally
representative’’.

One of such dataset is represented by the Health Search/IQVIA
Health LPD Longitudinal Patient Database (HS), which collects Elec-
tronic Clinical Records (ECR) for a large nationally representative
sample (more than 1.5 million individuals) of Italian patients aged
14+, assisted by a group of 800 general practitioners (GP), with a
time span ranging from 2004 to 2018. This data set presents all the
features listed by Schell et al. (2021). In particular, it is nationally
representative, covers up to 15 years of subjects’ lives, which allows
for sufficient follow-up, is collected yearly, has low attrition rates
(only due to death or GP’s repeal) and reports objectively measured
BMI status and clinically assessed disease diagnosis. Additionally, in
contrast, to claim data, the HS database includes all patients registered
on physician lists (and not only those who demand health services), a
key feature which reduces selection problems based on health status.
These characteristics imply that individual information is not subject
to recall error. Ultimately, as a primary care dataset, the cost anal-
ysis focuses on outpatient expenses, such as medications, diagnostic
tests, and specialist consultations. Although some information may
not be available (e.g. costs associated with hospitalization or long
erm care), the availability of primary care data offers a unique and
aluable perspective compared to prior literature. First of all, GPs
lay the role of ‘‘gatekeepers’’ of the Italian NHS, hence evaluating
osts related to primary care visits is crucial because primary care
erves as the foundation of healthcare delivery for individuals with
arious BMI classes and health statuses, thus offering more accurate
alculations of each person’s healthcare expenditures. Secondly, the
rimary care setting is the most suitable to investigate the health
tatus of the Italian population since it is not subject to selection
ias. Thirdly, the costs associated with primary care visits represent
significant, yet frequently overlooked, aspect of healthcare expenses,
articularly when analyzing medical costs by BMI class. Indeed, BMI
mpacts a wide population and influences overall health and health-
are spending, making it essential when discussing affordability and
ccessibility. Many chronic conditions like diabetes, hypertension, and
sthma are effectively managed through regular primary care visits.

roper management of these illnesses can control symptoms, prevent
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complications, and enhance patients’ quality of life. Finally, primary
care costs analysis may also signal the presence of existing health
disparities. When primary care becomes financially inaccessible for
individuals, they may forgo necessary medical attention, resulting in
exacerbations of chronic conditions and potential emergency room
visits at higher costs. These cost burdens could have disproportionately
higher negative impact on marginalized or underserved communities,
which already may face barriers to healthcare access leading to worse
health outcomes and increased long-term healthcare costs.

From a statistical perspective, our BMI presents some missing data
due to the so-called ascertainment bias, which occurs when individuals
with missing data are likely different (i.e., healthier) from those with
complete information (Sedgwick, 2015). Consequently, we take advan-
tage of the available information to recover the missing information.
In particular, we estimate a sample selection model (Heckman, 1979)
that allows us to test and correct any potential biases arising from
non-random missing outcome measures. We assume that the sample
selection generated by the missing BMI data is driven by observable
characteristics, such as health status and age. Then, we build 14 over-
lapping cohorts for different BMI classes (normal weight, overweight,
and obese (I, II, and III)) in order to estimate cohort specific costs.
Finally, we combine the cohorts to obtain the lifetime (15-85) direct
expenditure of a ‘‘representative’’ individual for each BMI class. It is
worth noting that we allow for time-varying BMI, i.e. individuals can
change their BMI class as they age.

Our findings show that obese patients represent the largest cost
component throughout life, while the costs of overweight patients are
lower than those of normal weight patients from around age 53 onward.

The article is structured as follows: Section 2 introduces the HS
database, Section 3 outlines the empirical strategies employed to re-
cover missing BMI information and derives lifetime estimates of BMI
expenditure, Section 4 showcases our primary findings, Section 5 delves
into the limitations of our empirical analysis and proposes some poten-
tial improvements, while Section 6 offers concluding remarks.

2. Data

The study is based on data from the Health Search/IQVIA Health
LPD Longitudinal Patient Database (HS), an Italian general practice reg-
istry, which contains ECR data from patients aged 14+ registered with a
group of 800 GPs, distributed in all Italian regions to be representative
of the Italian population of GPs.4 GPs voluntarily agree to collect
clinical data and attend training courses for data entry (Cricelli et al.,
2003; Filippi et al., 2005). Furthermore, to be considered for participa-
tion in epidemiological studies, all GPs recruited must meet standard
quality criteria with respect to coding levels, prevalence of well-known
diseases, mortality rates, and years of recording activity (Filippi et al.,
2005).5

A key feature of the HS database is that it includes all patients
registered in the GP lists, thus avoiding selection bias based on health

4 The Italian National Healthcare System (NHS), known as Sistema Sanitario
azionale - SSN, is a universal system funded by general taxation that provides
ealthcare services, mostly free of charge at the point of care, to all residents
f Italy. Within this system, GPs play the role of ‘gatekeepers’ of the system,
s they are responsible for prescribing specialist consultations, diagnostic tests,
nd drugs.

5 In terms of coding levels and consistency in individual medical and
linical history, the HS database adheres to strict ‘‘up to standard’’ quality
riteria (Cricelli et al., 2003; Filippi et al., 2005). More details on the degree
o which the database represents the adult Italian population can be found
t https://www.healthsearch.it/ (Official website of the HS database). The
atabase complies with European Union guidelines on the use of medical
ata for research and has previously been shown to be a valid data source
or scientific research (see Belotti et al., 2022; Mazzaglia et al., 2009; Atella
nd Kopinska, 2014; Atella and Conti, 2014; Atella and D’Amico, 2015; Atella
t al., 2017, 2019, 2015, among others).
3

c

tatus, which is a rather standard problem with claim data. Each Italian
esident, regardless of citizenship, is enrolled with a GP who acts as a
atekeeper for the system. There is no private GP sector. Therefore,
hysician ECRs provide information on all individuals registered with
physician, regardless of their health status.6

The database contains patient demographic data (age, sex, province
f residence) that are linked through an encrypted patient code with
heir medical records (diagnosis, prescribed tests, test results, and
pecialist visits), drug prescription information (medication name, date
f prescription, and number of days of supply), self-reported hospital
dmissions, and date of death. Although GPs collect information daily,
or this analysis, the information was aggregated at the year level
rom 2004 to 2018. Whenever variables were recorded multiple times
ithin a year (e.g., diagnostic test values, visits, BMI levels, drug
rescriptions), we either averaged (e.g., BMI) or summed (e.g., visits,
iagnostic tests) them at patient level, depending on the variable type.
his resulted in a single observation per patient per year. In the original
ample, the GP panel is balanced, while the patient panel is unbal-
nced due to events such as mortality, migration, or transitions from
ediatricians to GPs and between GPs. As such, the original sample
ncludes a total of 1,551,561 patients and 18,693,405 observations
uring the period 2004–2018. For our purposes, from this initial sample
e selected patients in the age range [15–95], which reduced the sample

o 1,547,530 patients and 18,461,302 observations.7
Unfortunately, during the 2004–2018 period, we observe only

86,173 individuals (44.3% of the selected sample) with at least one
MI measure. This characteristic of the sample can lead to an over-
stimation of health expenditures due to the so-called ascertainment
ias, which occurs when individuals with missing data are likely
ifferent (i.e., healthier) from those with complete information (Sedg-
ick, 2015). This selection bias arises mainly because when there are
o medical reasons to collect these measurements, the GP is likely
ot to record them in a systematic way. For example, patients with
ardiometabolic diseases or high BMI are more likely to have this
nformation recorded by their GP. In our initial sample, 67% of subjects
ver 40 years of age and with one or more chronic conditions have at
east one BMI record, while only 37% of those under 40 years of age and
ithout important health problems have a BMI record. The descriptive

tatistics of the two samples are shown in Table 1 while Table 2 reports
ome descriptive statistics by BMI class for those for which we observe
he BMI.8

This data reveals that individuals with missing BMI data tend to
e healthier and younger: 89% of them have no chronic conditions.
urthermore, their average age is 48, compared to the average age

6 Of note, the Italian National Institute of Statistics (ISTAT) uses these
ata to complement the information collected with the annual national health
urvey (ISTAT, 2012); furthermore, the Italian Drug Agency has used the
ealth Search database routinely as a source for the National Report on Drug
se in Italy since 2004 (OSMED, 2021, 2022). Furthermore, researchers have
bserved ‘‘a high degree of overlap between the population represented in
he Health Search database and what is reported by ISTAT’’ (Bianchini et al.,
014).

7 There are two reasons why we limit our sample to the age range of 15–95
n Italy. First, pediatricians are primarily responsible for treating people under
he age of 14. In some cases, a pediatrician may see a patient up until they turn
6, after which transitioning to a general practitioner becomes mandatory.
hus, we chose to start our age range at 15 years old. This also allows us to
onstruct our cohorts in five-year increments, beginning at age 15. Second, we
ap our sample at age 95 due to dwindling numbers. It should be noted that
n Section 3 we model life cycle expenditures up to the age of 85, as this is
onsistent with the average life expectancy in Italy.

8 Concerning the BMI status, we have grouped the continuous variable into
MI classes as recommended by the WHO: normal weight (BMI between 18.5
nd 24.99), overweight (BMI between 25 and 29.99), obesity class 1 (BMI
etween 30 and 34.99), obesity class 2 (BMI between 35 and 39.99), obesity
lass 3 (BMI ≥40).

https://www.healthsearch.it/
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Table 1
Descriptive statistics.

Full sample BMI observed BMI missing

Age 50.48 53.392 47.736
(19.395) (18.496) (19.819)

Gender (female) 0.53 0.542 0.519
(0.499) (0.498) (0.500)

No chronic conditions 0.831 0.768 0.89
(0.375) (0.422) (0.312)

Patients under 40 y.o. 0.34 0.264 0.411
(0.474) (0.441) (0.492)

Coronary diseases 0.016 0.023 0.01
(0.126) (0.149) (0.01)

Cerebrovascular diseases 0.034 0.047 0.022
(0.181) (0.212) (0.145)

Heart failure 0.013 0.017 0.009
(0.112) (0.128) (0.093)

Peptic ulcer disease 0.018 0.026 0.012
(0.135) (0.158) (0.108)

Diabetes mellitus 0.075 0.114 0.038
(0.263) (0.318) (0.191)

Solid tumor 0.01 0.012 0.008
(0.098) (0.107) (0.087)

Depression 0.046 0.059 0.034
(0.209) (0.235) (0.181)

Average direct costs (euro) 361.465 498 232.882
(2344.483) (3197.314) (1000.527)

Average drugs costs (euro) 243.453 331.428 161
(2309.225) (3266.205) (959.254)

Average outpatient costs (euro) 118.013 163 73.476
(250.262) (289.097) (186.138)

Notes: Numbers refer to 1,547,530 individuals (18,461,302 obs.). BMI data refers to
686,173 individuals (1,751,551 obs.).

of 53 among those with BMI information. However, the full sample’s
average age is comparable to the Italian population’s average age
(45.2 in 2018 (Istat, 2023a)), considering we do not observe people
under 15, who accounted for 13.2% of the population in 2018. The
share of women is also in line with official statistics, with 53% in our
sample and 52% for those aged 15 to 95 (Istat, 2023b). Regarding
chronic conditions, diabetes prevalence in our sample is higher than
that reported by ISTAT (7.5% versus 5.3% (Istat, 2017)), although
ISTAT’s prevalence estimate relies on self-reported health status while
ours is based on diagnosed ICD9 codes. The heart failure prevalence in
our full sample (1.3%) matches the figure reported in Buja et al. (2017).

Looking at the restricted sample of patients with observed BMI, as
we can see from Table 2, the sample average age is 53.4 years. How-
ever, for underweight individuals, the average age drops to 38.7 years,
increases to 57.1 for overweight individuals, and then decreases mono-
tonically with obesity classes. In terms of gender, women are the
most represented in the underweight, severely, and very severely obese
classes. Finally, underweight problems occur mainly among people un-
der 40 years of age (63%), while obesity is a more prevalent condition
among people over 40 years of age. The evidence presented suggests
that issues with being underweight primarily impact young women.
Furthermore, while 4 out of 5 normal weight individuals do not have
chronic diseases, only 40% of severely obese patients do not report
chronic diseases.

Fig. 1 reports the average expenditures for drugs and outpatient
services (diagnostics, laboratory tests, and specialists visits) by BMI
class. We observe that expenditures are increasing in (adverse) BMI
status: Obese I individuals face more than double drug-related expen-
ditures and almost 50% higher outpatient costs compared to normal
weight. It is worth recalling that the expenditures we consider are
those associated with diagnosed diseases that are clinically connected
with obesity. The approach of including a limited number of diseases
has been criticized by Finkelstein et al. (2008) because it does not
fully account for confounding and effect modification (Flegal et al.,
2005). On the other end, as highlighted in the study by Guh et al.
4

(2009), excess weight bears a significant clinical, social, and economic
burden due to its association with a multitude of non-communicable
diseases. These diseases include, but are not limited to, diabetes, car-
diovascular conditions, respiratory ailments, certain forms of cancer,
osteoarticular disorders, and depression. In our case, with a complete
set of available ICD9 codes and diagnoses made by well-trained physi-
cians, we believe that this approach can provide a more transparent
and precise understanding of obesity costs. In particular, in this work
we consider expenditures for patients who have been diagnosed with
cerebrovascular disease (ICD9-CM: 431, 433[0,9], 434[0,9], 435, 436,
V45.89); coronary diseases (ICD9-CM: V45[81,82], 410,412); Angina
(ICD9-CM: 411, 413, 414), Heart failure (ICD9-CM: 428, 402[0,9],
404[11,93]) Diabetes mellitus (ICD9-CM: 250); Solid tumor: Colon
(ICD9-CM: 153), pancreas (ICD9-CM: 157), stomach (ICD9-CM: 151),
esophagus (ICD9-CM: 150), cholecyst (ICD9-CM: 156), liver (ICD9-
CM: 155), intestinal (ICD9-CM: 152), rectum (ICD9-CM: 154) and
chronic renal diseases (ICD9-CM: 585), Peptic ulcer disease (ICD9-CM:
531-534) and depression (ICD9-CM: 296).

3. The empirical strategy

In this section, we first describe how we recover missing information
on BMI levels and then how we transform cross-sectional data into
cohort data to reconstruct lifetime obesity costs.

3.1. Recovering missing information on BMI levels

As we have seen in Section 2, a major problem with our data is
represented by the large share of missing BMI observations. To recover
this missing information, useful for estimating cumulative lifetime
expenditure related to obesity, several methods have been proposed
in the literature (see among others Carpenter and Kenward, 2012;
Reiter et al., 2006; De Silva et al., 2021). Taking advantage of the
available information and assuming that the sample selection generated
by the missing BMI values is driven by observable characteristics
such as health status and age, we tried to reduce the impact of the
ascertainment bias on our analysis. For our purposes, we use the
sample selection model proposed by Heckman (1979) which provides
a potentially useful tool, since it allows us to test and correct potential
biases created by missing outcome measures that are not random. Our
objective is not to impute the BMI value to each subject, which remains
a very difficult task, but more simply to infer the BMI class to which
each subject belongs. To this end, we exploit a sample selection model
in which the response is the BMI level of each individual.

Our statistical model can be represented as follows:

𝑦∗𝑗,𝑖𝑡 = 𝒙𝑗,𝑖𝑡𝜷𝑗 + 𝜖𝑗,𝑖𝑡 𝑗 = 1, 2 (1)

𝑦1,𝑖𝑡 = 𝐼(𝑦∗1,𝑖𝑡 > 0) (2)

𝑦2,𝑖𝑡 = 𝑦∗2,𝑖𝑡 if 𝑦1,𝑖𝑡 = 1 (3)

where 𝑦∗2,𝑖𝑡 is the BMI of the subject 𝑖 in year 𝑡, and 𝑦∗1,𝑖𝑡 identifies the
selection process. Due to the missing data (selection mechanism), 𝑦2,𝑖𝑡
is observed only for the sub-sample of observation for which 𝑦1,𝑖𝑡 = 1
(the selected sample). 𝒙1,𝑖𝑡 and 𝒙2,𝑖𝑡 are vectors of individual exogenous
characteristics, such as age, sex, region of residence, fraction of individ-
uals whose BMI was effectively recorded for the year 𝑡 at the GP level
and year fixed-effects. 𝒙2,𝑖𝑡 also includes a vector of selected indicators
of obesity-related diseases: cerebrovascular diseases, coronary diseases,
heart failure, peptic ulcer disease, diabetes mellitus, and solid tumors
(colon, pancreas, stomach, esophagus, cholecyst, liver, intestine, and
rectum). Finally, 𝜖1,𝑖𝑡 and 𝜖2,𝑖𝑡 are idiosyncratic errors, and 𝜷𝑗 , 𝑗 = 1, 2,
are the vectors of parameters to estimate.

Identification of vectors of unknown parameters 𝜷𝑗 , 𝑗 = 1, 2, re-
quires an exclusion restriction in the selection equation (Eq. (2)), that
is, 𝒙1,𝑖𝑡 must contain at least one variable not contained in 𝒙2,𝑖𝑡. We

argue that this selection mechanism is driven by health status; thus,
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Table 2
Descriptive statistics by BMI level (Observed BMI sample).

Under Normal Over. Obese I Obese II Obese III Overall

Age 38.75 48.87 57.09 58.13 57.27 55.20 53.39
(19.42) (19.10) (17.06) (16.45) (16.26) (15.77) (18.50)

Gender (female) 0.80 0.61 0.45 0.49 0.61 0.70 0.54
(0.40) (0.49) (0.50) (0.50) (0.49) (0.46) (0.50)

No chronic conditions 0.90 0.84 0.74 0.67 0.63 0.60 0.77
(0.30) (0.37) (0.44) (0.47) (0.48) (0.49) (0.42)

Under 40 y.o. 0.63 0.37 0.18 0.16 0.17 0.19 0.26
(0.48) (0.48) (0.38) (0.36) (0.37) (0.39) (0.44)

Coronary diseases 0.00 0.01 0.03 0.03 0.03 0.02 0.02
(0.07) (0.12) (0.17) (0.17) (0.16) (0.14) (0.15)

Cerebrovascular diseases 0.02 0.04 0.06 0.06 0.05 0.04 0.05
(0.13) (0.18) (0.23) (0.24) (0.22) (0.20) (0.21)

Heart failure 0.01 0.01 0.02 0.03 0.03 0.04 0.02
(0.08) (0.10) (0.13) (0.16) (0.18) (0.19) (0.13)

Peptic ulcer disease 0.01 0.02 0.03 0.03 0.03 0.02 0.03
(0.11) (0.14) (0.17) (0.17) (0.16) (0.15) (0.16)

Diabetes mellitus 0.02 0.05 0.13 0.20 0.26 0.30 0.11
(0.12) (0.22) (0.34) (0.40) (0.44) (0.46) (0.32)

Solid tumor 0.01 0.01 0.01 0.01 0.01 0.01 0.01
(0.10) (0.10) (0.11) (0.11) (0.10) (0.09) (0.11)

Depression 0.05 0.05 0.06 0.07 0.07 0.08 0.06
(0.22) (0.23) (0.23) (0.25) (0.26) (0.27) (0.23)

Average expenditures (€) 270.97 383.01 549.49 641.66 697.82 740.44 497.68
(655.37) (1213.81) (5016.73) (1403.38) (1450.12) (1107.40) (3197.31)

Obs. 280,536 3,548,756 3,277,333 1,338,769 376,472 133,712 8,955,677
Patients 23,986 276,676 246,307 100,563 28,447 10,194 686,173

Notes: Numbers refer to mean and standard deviations (in parenthesis). Average expenditure refers to BMI-related outpatient (drugs, diagnostic tests, and specialist visits) per capita
annual expenditure. All expenditures are defined in terms of 2018 constant prices.
Fig. 1. Average obesity-related out-patient expenditures by type (2004–2018).
𝑁𝑜𝑡𝑒𝑠: Bars represent the average obesity-related out-patient expenditures by drug prescription and other outpatient costs by BMI class (sample of 686,173 patients).
we consider as exclusion restriction two binary indicators such as being
healthy and under 40 years of age.

We estimate the model (1)–(3) by pooling the unbalanced panel of
1,54l7,530 individuals aged [15 − 95] and observed over the 15-year
period, which allows exploiting all available information. We run the
same model using two versions of the BMI variable: in the first case,
we use the available BMI observations, while in the second case, we ex-
ploited an ‘‘interpolated version’’ of the BMI.9 Table A2 in the Appendix
reports the coefficients of the two specifications. The main equation
shows the relationship between BMI and medical conditions, while the
selection equation shows the relationship between the probability that

9 For individuals with more than one BMI entry over our observation
period, we linearly interpolate the values between the two observations, but
we do not extrapolate them.
5

an individual will have their BMI recorded and medical conditions.
Our estimates show that there is a statistically significant positive
relationship between heart failure and BMI, as well as between diabetes
mellitus and BMI. Furthermore, the likelihood that a subject will have
his BMI recorded is negatively related to having no chronic diseases
and being under 40 years old. The Mills ratio, which is a measure of
the strength of the relationship between the selection equation and the
main equation, is also shown to be statistically significant. Furthermore,
we computed the marginal effects of the exclusion restrictions included
in the selection equation and found both to be negative and strongly
significant. In general, these results suggest that the sample selection
model used in this analysis effectively controls potential biases in the
data.

Before proceeding with the BMI class imputation, it is worth noting
that individuals with accessible BMI data display an average transition
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Fig. 2. Probability of changing BMI class (Interpolated BMI before imputation).
Fig. 3. BMI class before and after imputation
Notes: The figure shows the BMI class distribution for the observed sample (686,173 patients), the sample imputed with the entry (first year) BMI level and the interpolated BMI
(1,547,530 patients for the last two samples).
probability of about 5% for switching between BMI classes, as illus-
trated in Fig. 2.10 In panel (a), we can see a rising likelihood of weight
gain with age for individuals who initially fall under the normal weight
category. Conversely, there is a declining probability of transitioning to
obesity for those who start as overweight. Panel (b), on the other hand,
illustrates the opposite scenario for individuals who begin as obese or
overweight, revealing a high probability of losing weight with age. This
finding highlights the importance of integrating a time-varying BMI
imputation.

Hence, we use the estimated parameters to impute 𝑦2,𝑖𝑡 when 𝑦1,𝑖𝑡 =
0 assigning the individual BMI values to allow for time-varying BMI.
Then, we categorize individuals into BMI classes that may change as
they age.

It is crucial to highlight that when we have access to observed BMI
data, we classify individuals based on the actual measurements rather
than relying on predicted values.

As a check for our imputation strategy, in Fig. 3 we show the
prevalence of BMI classes for the observed BMI sample and for the
imputed BMI outcomes.11 Regarding the distribution of observed BMIs,

10 We estimate four logit models to analyze the probability of transitioning
between BMI classes. We classify individuals into BMI classes using the inter-
polated BMI data observed prior to imputation. The probabilities of changing
BMI classes over time are presented in Table A4.

11 Figure A2 in the Appendix reports Kernel density estimates of the
observed, and imputed BMI values.
6

using the interpolated BMI as an outcome returns a similar prevalence
of normal weight individuals and a higher prevalence of overweight
individuals, while the prevalence of obese individuals is reduced. This
result seems to point towards the interpolated BMI as our preferred
outcome for the Heckman selection model, since if we use the BMI, we
obtain a lower prevalence of normal weight individuals and a higher
one of overweight. Although we expected a higher share of normal
weight individuals after the imputation procedure, the results are quite
satisfactory, as all prevalence values in the obese class are reduced
compared to the original data.

Finally, in Table 3 we report the descriptive statistics of our sample
by BMI class. Compared to Table 2, the results are not very different.
In general, we can find differences only in terms of age (50.5 imputed
vs. 53.4 observed), absence of chronic conditions (83% vs. 77%) and
the number of people under 40 years of age (34% vs. 26%). Finally,
the total expenditure per capita is lower in the imputed sample (361.5
euros) compared to the original sample (497.7 euros). This evidence
suggests that the imputation process has produced a rebalancing of the
BMI measurement versus those who are usually not recorded by the
GPs because their health status is rather good. Following the imputa-
tion procedure, we have a younger sample, with a higher number of
people without chronic diseases who spend less. Furthermore, among
individuals with excess weight, those in the ‘‘Obesity III’’ class have
the lowest mean age, while those in the ‘‘Obesity I’’ class tend to
be older. The prevalence of women increases with increasing BMI
from 48% among overweight individuals to 71% among severely obese
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Table 3
Descriptive statistics by BMI class (after imputation).

Under Normal Overw. Obese I Obese II Obese III Overall

Age 38.749 41.685 54.739 58.386 57.272 55.204 50.480
(19.424) (21.479) (16.315) (16.260) (16.264) (15.771) (19.395)

Gender (female) 0.801 0.607 0.477 0.481 0.608 0.699 0.530
(0.400) (0.488) (0.499) (0.500) (0.488) (0.459) (0.499)

Under 40 y.o. 0.627 0.586 0.217 0.149 0.166 0.189 0.340
(0.484) (0.493) (0.412) (0.357) (0.372) (0.392) (0.474)

No chronic conditions 0.898 0.889 0.830 0.648 0.630 0.604 0.831
(0.303) (0.314) (0.376) (0.478) (0.483) (0.489) (0.375)

Coronary diseases 0.005 0.009 0.018 0.033 0.028 0.019 0.016
(0.068) (0.096) (0.132) (0.179) (0.165) (0.135) (0.126)

Cerebrovascular diseases 0.017 0.026 0.035 0.061 0.053 0.041 0.034
(0.131) (0.159) (0.184) (0.239) (0.225) (0.198) (0.181)

Heart failure 0.007 0.007 0.013 0.030 0.032 0.038 0.013
(0.082) (0.083) (0.113) (0.169) (0.177) (0.192) (0.112)

Peptic ulcer disease 0.012 0.014 0.019 0.031 0.027 0.024 0.018
(0.111) (0.118) (0.137) (0.172) (0.162) (0.153) (0.135)

iabetes mellitus 0.015 0.030 0.072 0.233 0.260 0.298 0.075
(0.122) (0.172) (0.258) (0.423) (0.438) (0.458) (0.263)

Solid tumor 0.010 0.010 0.009 0.012 0.010 0.009 0.010
(0.099) (0.099) (0.095) (0.111) (0.102) (0.094) (0.098)

Depression 0.053 0.038 0.046 0.065 0.074 0.079 0.046
(0.225) (0.192) (0.210) (0.246) (0.261) (0.270) (0.209)

Average expenditures (€) 270.971 272.170 360.582 652.017 697.822 740.439 361.465
(655.369) (1079.959) (2985.061) (1405.701) (1450.119) (1107.399) (2344.483)

Notes: Numbers refer to mean and standard deviations (in parenthesis). Average expenditure refers to out-patient obesity-related per capita annual expenditure.
individuals, which is also compatible with the longer life expectancy
of women. Table 3 also shows that individuals with higher levels of
obesity tend to have higher average expenditures for outpatient medical
treatment. This is consistent with previous research in the field of
health economics, which has shown that obesity is associated with
an increased risk of a variety of chronic health conditions and that
treatment of these conditions can be costly (Kortt et al., 1998; Atella
et al., 2015). For example, obesity is an important risk factor for the
development of type 2 diabetes, which is a chronic disease that requires
ongoing medical care and can result in significant medical costs (An-
derson et al., 2003). Obesity is also associated with an increased risk
of heart disease and stroke, two conditions that are both expensive to
treat and leading causes of disability and death (DeCaria et al., 2012).

3.2. The cohort approach and the representative individual construction

To mitigate attrition issues stemming from mortality, migration
between General Practitioners (GPs), or transitioning from pediatri-
cians to GPs, and to generate a dataset that can coherently estimate
lifetime obesity costs, we narrowed our sample to a balanced panel of
individuals present from 2004 to 2018. This process yielded a sample
that is balanced in terms of GPs and patients, comprising 856,620
patients and 12,849,300 observations. Descriptive statistics of this sub-
sample are reported in Table A1 together with a test that compares
averages of selected variables across the two sample. It is worth noting
that, due to the large sample size, although the differences in averages
are statistically significant for nearly all comparisons, the magnitudes
of these differences are very small and can be considered insignificant
from an epidemiological point of view. Furthermore, we disregarded
the underweight class given the additional and specific medical care
costs associated with being in this group.

We organized the data using a cohort approach, restricting our
sample only to patients who, in 2004, were 15, 20, 25, 30, 35, 40,
45, 50, 55, 60, 65, 70, 75, and 80 years old and followed for 15 years.
This setting produced 14 overlapping cohorts and limited further the
number of individuals to 176,927 (due to the exclusion of all patients
who, in 2004, were not aged 20, 25, 30, etc.).12 As will become

12 The cohort age classes are: [15–29]; [20–34]; [25–39]; [30–44]; [35–49];
40–54]; [45–59]; [50–64]; [55–69]; [60–74]; [65–79]; [70–84]; [75–89]; [80–94].
7

clear later, the overlapping nature of the cohorts is important for the
construction of lifetime cost profiles. Table 4 shows the descriptive
statistics of this new sample by BMI class and overall.

The final step consists of combining the cohorts to obtain the
lifetime (15-85) direct expenditure on obesity of an individual rep-
resentative of each BMI class (e.g., an individual who is consistently
obese from 15 to 85 years).13 First, within each cohort, each patient
starts with zero obesity-related expenditure in January 1st 2004 and
accumulates costs until December 31st, 2018. This implies that, on
January 1st 2004, a patient aged 15 and belonging to the [15–29]
cohort has zero expenditures as any other patient in any other cohort.
However, being interested in lifetime expenditure accumulation, we
need to move our research interest from ‘‘flows’’ to ‘‘stocks’’ variables.
This implies letting each cohort after the first ([15–29]) to accumulate
not from zero, but from the end point of the previous cohort. By
proceeding sequentially, each cohort after the first starts accumulating
from the previous stock. In a more formal way, this is the process we
follow.

Let 𝑖 = 1,… , 𝑁 denotes the individual, 𝑡 = 2004,… , 2018 the time,
𝑏 = 1,… , 5 the BMI class, 𝑗 = 1,… , 14 the cohort and 𝑎 = 𝑙𝑗 ,… , 𝑢𝑗 the
lower and upper age bounds of cohort 𝑗. Then the cumulative average
expenditure for each BMI class 𝑏 and cohort 𝑗 can be represented as:

𝛷𝑏
𝑗 =

𝑢𝑗
∑

𝑎=𝑙𝑗

2018
∑

𝑡=2004
𝐸𝑏
𝑗,𝑎,𝑡 (4)

where 𝐸𝑏
𝑗,𝑎,𝑡 =

1
𝑁

∑𝑁
𝑖=1 𝐸

𝑏
𝑖,𝑗,𝑎,𝑡 is the direct average expenditure at time 𝑡,

for age 𝑎 of BMI class 𝑏. Notice that individuals can change BMI class
over time.

Therefore, the cumulative ‘‘lifetime’’ (15-85) direct expenditure for
BMI class 𝑏 is:

𝛷𝑏 =
14
∑

𝑗=1
𝛷𝑏

𝑗 (5)

Figure A1 in Appendix 1 shows the criteria used to select the sample, with
the relative sample sizes.

13 We set the maximum age at 85, which is the average life expectancy in
Italy (Raleigh, 2019).
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Table 4
Cohort level data means and standard deviations by BMI class.

Normal Over Obese I Obese II Obese III Overall

Age 44.288 54.287 58.389 57.356 54.493 51.479
(19.877) (15.512) (15.376) (15.162) (14.901) (17.740)

Gender (female) 0.616 0.479 0.484 0.615 0.713 0.531
(0.486) (0.500) (0.500) (0.487) (0.452) (0.499)

No chronic conditions 0.873 0.833 0.652 0.633 0.610 0.825
(0.333) (0.373) (0.476) (0.482) (0.488) (0.380)

Under 40 y.o. 0.511 0.209 0.137 0.146 0.188 0.298
(0.500) (0.407) (0.343) (0.353) (0.391) (0.458)

Coronary diseases 0.010 0.017 0.031 0.028 0.014 0.016
(0.100) (0.130) (0.173) (0.164) (0.119) (0.126)

Cerebrovascular diseases 0.028 0.034 0.058 0.055 0.042 0.034
(0.164) (0.181) (0.233) (0.228) (0.200) (0.182)

Heart failure 0.006 0.010 0.023 0.027 0.029 0.010
(0.076) (0.097) (0.150) (0.163) (0.168) (0.100)

Peptic ulcer disease 0.016 0.020 0.032 0.026 0.025 0.020
(0.127) (0.140) (0.175) (0.159) (0.155) (0.140)

Diabetes mellitus 0.035 0.068 0.228 0.255 0.289 0.076
(0.184) (0.251) (0.419) (0.436) (0.453) (0.266)

Solid tumor 0.010 0.008 0.012 0.011 0.009 0.009
(0.099) (0.088) (0.109) (0.103) (0.097) (0.094)

Depression 0.047 0.049 0.067 0.074 0.092 0.051
(0.212) (0.215) (0.249) (0.261) (0.289) (0.219)

Average expenditures (€) 301.660 353.243 633.762 677.564 701.720 370.087
(715.448) (1385.165) (983.777) (987.617) (1037.512) (1171.461)

Notes: Numbers refer to mean and standard deviations (in parenthesis). Average expenditure refers to out-patient obesity-related per capita annual expenditure.
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In addition, by further aggregating individual costs across different
individual characteristics, we can obtain other meaningful profiles, for
example, by gender and geographical areas.

4. Empirical results

Fig. 4, plots the evolution over time of the cumulative average ex-
penditure of the individuals belonging to cohort 𝑗, i.e. 𝐸𝑏

𝑗,𝑡 =
∑𝑢𝑗

𝑎=𝑙𝑗
𝐸𝑏
𝑗,𝑎,𝑡.

Each panel in the figure compares the average expenditure of normal
weight individuals with that of other BMI classes (e.g., in Fig. 4(a), the
first solid and dashed lines represent the evolution over time for normal
and overweight individuals aged 15 in 2004). Interestingly, compared
to individuals with normal weight, the cumulative average expenditure
tends to increase with each BMI category, except for overweight people
who, beginning from the cohort [35-49], exhibit a lower cumulative
average expenditure (Fig. 4(a)).

In Fig. 5, we display the same data using an alternative graphical
representation. As observed, as individuals age, the impact of negative
health shocks on expenditures becomes more pronounced. However,
their magnitude increases significantly and consistently with higher
BMI classes.14 One way to gain a better understanding of the interaction
between the two phenomena is to focus on Obese III individuals (as
shown in Fig. 4(d)) and compare their average expenditure over a
period of six years (35-40) to that of a normal weight individual over a
longer period of 15 years ([25–39]). By doing this, we can observe that
he two values are comparable. Specifically, Obese III individuals spent
,855 euros in six years, while normal weight individuals accumulated
,880 euros over 15 years (see Fig. 5).

Finally, using Eq. (4), we calculated the cumulative lifetime average
utpatient expenditure profiles for the normal weight, overweight, and
he three obese classes, which are shown in Fig. 6.

As expected, the difference across BMI classes is lowest during the
eenage years and then increases continuously thereafter. Examining
he specific pattern presented in Fig. 7, we can observe in panel (a)
hat starting from early middle age (39 y.o.), the expenses linked to
eing overweight are lower than those associated with the normal

14 Due to the small sample size for the cohort [15–29], the per capita annual
xpenditure for those who are class II obese at age 15 is lower than it is for
hose who are normal weight.
8

eight category, although statistically different only starting at the age
f 53. This distinction continues to widen over time, a trend that has
een previously noted in various contexts. (von Lengerke et al., 2006;
inkelstein et al., 2008; Tsai et al., 2011). As expected, cumulative
verage expenditures indicate that obesity classes are the largest cost
omponent at all time points.15

Table 5 presents the cumulative average outpatient expenditure
t 85 years by sex, geographic area, and health status. As expected,
nd consistently with international studies (Cawley et al., 2015), our
ata reveals a positive correlation between increasing BMI and lifetime
xpenditures. Individuals classified as Obese III exhibit the highest
ifetime expenditures, reaching 43,950.97 euros. This underscores the
scalating economic burden associated with severe obesity. When ex-
mining gender differences, and contrary to general trends observed
n other studies (e.g. von Lengerke and Krauth (2011)) our data reveals
hat, on average, women exhibit higher lifetime expenditures than men
cross all BMI classes. This surprising finding may warrant further
nvestigation into the specific healthcare utilization patterns and cost
rivers for women, potentially indicating gender-specific healthcare
eeds. Disparities in lifetime expenditures across Northern, Central, and
outhern areas are in line with the finding from Bruzzi et al. (2022)
nd highlight potential regional variations in healthcare utilization and
osts. For instance, individuals in the Central area exhibit the highest
xpenditures, particularly in the Obese III category, while the Northern
rea has the lowest expenditures across all BMI classes. These differ-
nces could reflect differences in healthcare practices, infrastructure,
r disease prevalence, highlighting the need for region-specific health
olicies. Lastly, the table underscores the substantial economic impact
f chronic conditions. Individuals with two or more chronic conditions
emonstrate significantly higher lifetime expenditures. The pronounced
ncrease in expenditures with the number of chronic conditions mirrors
he findings of Lehnert et al. (2011).

Comparing these findings with international studies, such as those
rom the United States (Finkelstein et al., 2008), Europe (Müller-
iemenschneider et al., 2008) and wordwide (Withrow and Alter,
011) underscores the universality of the economic impact of obesity.
ur analysis contributes to the global discourse on obesity-related

15 Table A5 displays the results of mean comparison tests on the lifetime
cumulative average obesity-related expenditure by BMI class.
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Fig. 4. Cumulative average BMI class expenditure by cohort
𝑁𝑜𝑡𝑒𝑠 ∶ Age in 2004 and BMI at entry are used to identify cohorts. The figures correspond to 176,927 profiles that were tracked from 2004 to 2018 over a 15-year period. Direct
expenses include outpatient expenses and drug costs.
Fig. 5. Average BMI class expenditure by age .
healthcare costs, reinforcing the need for coordinated international
efforts to mitigate the economic burden of obesity.

Figure A3 reports the cumulative average expenditure by cohort,
BMI classes and type of expenditure. According to this evidence the
main driver of the increase in expenditure for obese individuals, with
respect to normal weight and over weight ones, is drugs prescription
while other outpatients costs remain fairly similar for the same cohort
across BMI classes.
9

Lastly, to assess the importance of differences in life expectancy
(LE) between normal weight individuals and those at different classes
of obesity we computed lifetime expenditure profiles based on the
estimated LE by gender and BMI class in Bhaskaran et al. (2018). In
particular, we applied the following reduction in LE, relative to an
average LE for normal weight male of 82 y.o. and female of 85 y.o.:

• Overweight: Male: −1 y.; Female: −2 y.
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Fig. 6. Lifetime cumulative average BMI class expenditure .
Fig. 7. Details of the lifetime cumulative average BMI class expenditure.
Table 5
Lifetime average BMI class expenditure by sociodemographic status at age 85.

Normal Over Obese I Obese II Obese III

All 28 076.57 24 446.74 36 609.27 40 092.39 43 950.97
(2320.285) (2045.749) (2965.973) (3114.747) (3038.217)

Male 28 369.16 24 478.35 36 772.33 38 906.2 43 895.12
(2671.374) (2250.56) (3317.883) (3432.557) (3057.644)

Female 28 057.87 24 954.16 37 345.14 41 741.99 43 944.97
(2147.108) (1836.169) (2657.611) (2902.463) (3088.528)

Northern area 26 275.94 23 574.91 35 246.23 40 242.78 39 749.91
(2140.119) (2025.103) (2902.709) (3008.017) (2910.198)

Central area 28 557.38 25 630.44 35 906.14 38 534.13 49 826.62
(2383.268) (2032.378) (3129.097) (3273.107) (3650.961)

Southern area 31 457.48 25 107.43 37 980.8 40 598.27 45 328.45
(2684.344) (2074.614) (2993.145) (3193.176) (3230.491)

w/o chronic conditions 23 331.95 19 318.28 27 906.1 30 322.55 31 460.38
(1753.867) (1428.282) (2094.128) (2129.613) (2079.828)

One chronic condition 42 921.9 42 460.58 54 128.88 51 699.55 59 029.84
(2109.343) (2181.046) (2384.528) (3139.026) (2986.963)

≥2 chronic conditions 68 938.67 68 388.12 75 795.52 68 251.87 79 208.6
(3642.516) (3868.414) (4902.929) (5571.668) (5971.499)

Notes: The Northern area includes of eight regions: Aosta Valley. Piedmont. Liguria. Lombardy. Emilia-Romagna. Veneto. Friuli-Venezia Giulia. and Trentino-Alto Adige. The Central
area includes four regions: Lazio. Umbria. Marche. and Tuscany. Finally. the Southern area includes eight regions: Abruzzo. Apulia. Basilicata. Calabria. Campania. Molise. Sicily.
and Sardinia. Values are expressed in 2018 constant €. Standard errors in parenthesis.
10
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757),
• Obese I: Male: −3 y.; Female: −2 y.
• Obese II: Male: −6 y.; Female: −5 y.
• Obese III: Male: −9 y.; Female: −8 y.

Fig. 8 shows the result of this exercise and signals how the ranking
in terms of expenditure is not significantly sensitive to differential life
expectancy by BMI class, although the expenditure levels are lower
(about 10,000 euro less for the Obesity III class).

5. Limitations

In conclusion, it is important to acknowledge certain limitations in
our analysis.

Firstly, our study heavily relies on imputing the BMI class for
individuals without recorded BMI values and employing linear interpo-
lation for observed BMI levels. While our empirical strategy addresses
this issue, it may still pose a limitation.

Secondly, the decision to use a balanced panel for cohort construc-
tion results in a nearly 50% reduction in sample size. Despite the minor
differences between the two samples (as shown in Table A1), it is
crucial to note that they represent distinct populations. Additionally,
the balanced panel does not account for deceased individuals and their
associated peak expenditures in the last year of life (Atella and Conti,
2014).

Thirdly, opting for a ‘‘representative individual’’ simplifies our co-
hort analysis but sacrifices heterogeneity.

Fourthly, our study is related to the primary care setting, which
lacks information on hospitalization costs and long-term healthcare
expenses. Consequently, our estimates for BMI-related costs could be in-
terpreted as a lower bound. In fact, by leaving out these important cost
components, our analysis might not fully capture the total economic
impact of BMI-related problems.

Fifthly, it is important to note that our study does not include age-
specific cost discounting. This decision is based on the nature and
focus of our research. Time-based discount factors are more relevant in
situations where individuals strategically optimize their health expen-
ditures over time, but we view our approach as more of an ‘‘accounting
exercise’’. Additionally, in a public health context, expenditure value is
considered uniform regardless of the spender’s age. Moreover, within
the Italian NHS setting, it is worth mentioning that individuals do not
directly bear the costs; for example, the entire expense for someone
with a chronic condition is covered by the NHS.

Sixthly, while this approach enables a lifetime estimation of ex-
penses associated with overweight and obesity, its primary objective
is to investigate the relationship between obesity and healthcare costs
rather than proving causality. This limitation stems from the lack of a
reliable instrument, as pointed out by Cawley and Meyerhoefer (2012).

In conclusion, it should be noted that achieving cost-saving goals
may become increasingly difficult due to the introduction of expen-
sive treatments. In such instances, high-cost treatments may be ‘‘cost-
effective’’ rather than ‘‘cost-saving’’. This technological aspect posi-
tively impacts our lifetime cost estimates, which we have not been able
to isolate. However, in the specific case of Semaglutide, a recent high-
cost drug for weight reduction, this does not pose a concern in our
context since our observation period ends before its commercialization
in Italy.

6. Conclusion

The OECD predicts that the number of obese people will continue to
increase until at least 2030. This will affect the health of the population
because obesity is linked to many health problems, such as coronary
heart disease, chronic kidney failure, different types of cancer, sleep
apnea, gallbladder disease, Type 2 diabetes, and more. Furthermore, as
evidenced by numerous studies on the impact of obesity on healthcare
11

spending, obesity is one of the main drivers of rising healthcare costs,
primarily as a result of increased spending on chronic diseases caused
by obesity.

By estimating lifetime expenditure associated with different levels
of BMI at the population level, this study adds new evidence to the
existing literature. In particular, using primary care data from the
Health Search/IQVIA Health LPD Longitudinal Patient Database (HS),
a large Italian general practice registry, distributed across all Italian
regions, we study how patients belonging to different BMI classes (nor-
mal weight, overweight, and obese (I, II, and III)) generate differential
lifetime cost profiles for the Italian national healthcare system in a
primary care setting.

According to our research, obese individuals generate the highest
expenditure throughout the life cycle, the main driver of the increase
in expenditure is drugs prescription and women exhibit higher lifetime
expenditures than men across all BMI classes. These findings have
several policy implications, aimed at addressing the economic impact
of obesity and overweight which requires a multifaceted approach that
involves public health initiatives, healthcare system improvements, and
targeted interventions.

In particular, our results suggest to implement and strengthen pre-
ventive health policies that focus on obesity prevention and health
promotion from an early age. School-based programs, community in-
terventions, and public awareness campaigns can play a crucial role
in encouraging healthy lifestyles. In this sense, it could be useful to
explore the implementation of financial incentives or health promotion
programs to encourage healthier behaviors and weight management.
These could include subsidized gym memberships, wellness programs
at workplaces, or policies that promote access to healthy food options.

A specific role may be played also by those policies that can ad-
dress gender-specific healthcare interventions to address the gender
disparities observed in lifetime expenditures. Understanding the unique
healthcare needs of men and women can guide the development of
gender-specific programs and services, promoting more effective and
equitable health outcomes.

Another policy relevant suggestion comes from the evidence of
regional differences in healthcare expenditures associated with BMI
classes. In this case it could be worth to address the problem by
developing region-specific health plans. This may involve allocating
resources based on the specific healthcare needs and challenges faced
by different areas, promoting better healthcare access and outcomes.

Finally, policies should aim to strengthen chronic disease man-
agement programs, especially for individuals with multiple chronic
conditions. Integrated care models, care coordination, and patient ed-
ucation can contribute to better management of chronic conditions,
potentially reducing the long-term economic burden on the healthcare
system.

By integrating these policy consequences into a comprehensive
strategy, policymakers can work towards mitigating the economic im-
pact of obesity and over weight, improving public health outcomes, and
creating a more sustainable and equitable healthcare system.
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