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Abstract

Background Earlier studies have estimated the impact of increased body mass index (BMI) on healthcare costs.
Various methods have been used to avoid potential biases and inconsistencies. Each of these methods measure
different local effects and have different strengths and weaknesses.

Methods In the current study we estimate the impact of increased BMI on healthcare costs using nine common
methods from the literature: multivariable regression analyses (ordinary least squares, generalized linear models,
and two-part models), and instrumental variable models (using previously measured BM, offspring BMI, and three
different weighted genetic risk scores as instruments for BMI). We stratified by sex, investigated the implications of
confounder adjustment, and modelled both linear and non-linear associations.

Results There was a positive effect of increased BMI in both males and females in each approach. The cost of
elevated BMI was higher in models that, to a greater extent, account for endogenous relations.

Conclusion The study provides solid evidence that there is an association between BMI and healthcare costs, and

demonstrates the importance of triangulation.
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Introduction
There is a wide consensus that there is a positive asso-
ciation between body mass index (BMI) and healthcare
costs. However, the size of the estimated effect varies sub-
stantially between studies [1-4]. For instance, in a review
of the literature Kent et al. (2017) found healthcare costs
to be 25-54% higher for individuals with obesity, com-
pared to individuals with normal BMI. This variation is
considerable and is likely a result of variation in methods,
sample populations, and, in the case of instrumental vari-
able analysis (IV), variations in the instrument.

A central challenge shared by researchers is that BMI is
associated with, but not necessarily the cause of, a wide
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range of medical conditions [5]. When estimating the
impact of elevated levels of BMI on healthcare cost there
are several potential sources of bias: First, there may be
unobserved variables influencing obesity and healthcare
costs. For example, personality characteristics and time
preferences. Second, there may be simultaneity bias, in
that healthcare utilization might affect BMI. For instance,
BMI is associated with a range of diseases, for which the
pharmaceutical treatment may be obesogenic [6]. Lastly,
measurement error might influence effect estimates. For
instance, self-reported healthcare utilization is subject to
recall bias [7, 8], and respondents typically overestimate
height and underestimate weight when self-reporting [9,
10].

As obesity is a major and growing public health chal-
lenge with vast economic implications, researchers have
tried to deal with the abovementioned issues by applying
a variety of analytical approaches. For example, multi-
variable regression models, which are the most common,
allow for inclusion of different sets of covariates to
account for measured confounding. While I'V approaches
can, if using an appropriate instrument, reduce bias from
both omitted variables and simultaneity [11, 12], though
valid instruments have been hard to find.

The main aim of the current study was to estimate the
impact of increased BMI on healthcare costs when using
current and commonly used analytical approaches on the
same population. By using a consistent study population,
our approach allowed us to disentangle variation in effect
estimates caused by different analytical approaches from
variation caused by differences in the populations under
analysis. We used the following analytical approaches: (i)
ordinary least squares (OLS), (ii) generalized linear mod-
els (GLM), (iii) two-part models (2PM), (iv) time-lagged
IV models using previously measured BMI as instru-
ments for current BMI, (v) offspring IV models, using
BMI of the oldest offspring available as an instrument for
parental BMI, and vi-viii) IV models using three different
genetic risk scores (GRS) as instruments for BMI (Men-
delian randomization).

The GLM and 2PM approaches used in this paper are
examples of multivariable models that are frequently
used, and are able to handle cost data well [13]. Kim and
Basu [2], compared multivariable models on the same
sample with different age-stratifications, and with adjust-
ment for different sets of covariates. They found that
costs did not differ substantially between the models
used, were higher in the sample with individuals aged 65
years and above and were reduced when adjusting for all
covariates and obesity-related diseases.

Time-lagged IV models that use past BMI as an instru-
ment for future BMI are used to account for some aspects
of simultaneity. For example, obesity may increase the
risk of cancer in an individual, and thereby increase
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healthcare costs. At the same time, however, cancer
may have led to cachexia (a disorder causing muscle and
weight loss), which is associated with both obesity and
healthcare costs [14]. Using lagged BMI as an instrument
is potentially problematic as the instrument might be
correlated with the outcome variable directly. For exam-
ple, past BMI might be correlated with future healthcare
utilization due to strain on the musculoskeletal system.

Offspring BMI serves well as an instrument for paren-
tal BMI because offspring BMI is arguably independent
of parental healthcare costs, yet strongly correlated with
parental BMI due to high heritability [15]. As a result,
these analyses provide estimates that are less likely to be
biased by simultaneity or omitted variables. While there
are few obvious concerns with these models, one possible
limitation is that the instrument might affect the out-
come variable directly or indirectly for instance through
in utero effects and/or the effects of sharing a household
environment might impact both BMI and healthcare uti-
lization [16—18]. Another challenge, when comparing
results from different approaches, is that these models
require data on parent-offspring pairs, which is a sub-
sample of the data.

The last approach was to use three different genetic risk
scores (GRS) constructed from genetic variants that have
been found to be associated with BMI in genome wide
association studies as instruments for BMI. Although
genes are randomly allocated from parents to offspring
at conception, there are some challenges. First, the use
of GRS as IVs is problematic if the genetic variants in
the GRS influence the outcome. The latter might be the
case due to population stratification (differences in allele
frequencies in subpopulations), assortative mating (i.e.
individuals with similar characteristics tend to mate with
each other), linkage disequilibrium (i.e. genetic vari-
ants that are close together in a gene are correlated), and
horizontal pleiotropy (i.e. that one genetic variant affects
multiple traits) [19-21]. Although methods have been
proposed to identify, and to some extent deal with, these
issues, there is still a lot to be understood about the use
of genetic variants as instruments [22, 23].

When we compare the different analytical approaches,
we find that healthcare cost estimates are sensitive to
the analytical approach used, but insensitive to inclu-
sion of covariates. In the main set of analyses, the effect
estimates when using the different analytical approaches
varied from $70 to $363 for males and from $59 to $121
for females. Except for the IV analyses using offspring
BMI as an instrument for males, the confidence inter-
vals of the effects estimated from the different analytical
approaches were overlapping. For males, the inclusion
of covariates led to increased ($13 to $22) effect esti-
mates in the multivariable models, and decreased ($-3
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- 1-42) in the IV-models. For females, the effect estimates
decreased (by $2 to $42) in all the models.

This paper will proceed as follows: In the next section
(Data) we present the data sources used for our study. In
the section entitled Analytical approaches, we describe
the analytical approaches used. In the Results section we
present the main findings, and in the Discussion and con-
clusion section we provide a conclusion and discussion of
our findings.

Data

Using an 11-digit personal identification number, we
linked individual-level data from three sources: The
Nord Trendelag Health Studies (HUNT), the Norwegian
Patient Register (NPR) and Statistics Norway.

The HUNT study is a longitudinal population-based
health study. All citizens living in the former county of
Nord-Trgndelag, aged >20 years, were invited to partici-
pate. We used data from three waves of the study: HUNT
1 (performed in the years 1984-1986, participation rate:
88%), HUNT 2 (performed in the years 1995-1997, par-
ticipation rate: 69%), and HUNT 3 (performed in the
years 2006—2008, participation rate: 54%). All together .,
122 000 individuals participated. In each round informa-
tion was gathered from self-completed questionnaires,
clinical measurements (height and weight) and biologi-
cal samples (genetic information). HUNT is considered
largely representative of the Norwegian population with
regards to geography, economy, industry, sources of
income, age distribution, morbidity, and mortality [24].

All hospitals in Norway report patient activity elec-
tronically to NPR as part of their funding scheme (activ-
ity-based-funding). Thus, NPR includes information on
all specialist care provided in Norway, which includes
somatic (i.e. physical/physiological aspects of the body)
and psychiatric inpatient-, day-, and outpatient- care. The
electronic reports include information about patients’
diagnoses (ICD-10 codes) and treatments/procedures
used to diagnose/treat the patient. This information
forms the basis for grouping all patient episodes into one
of approximately 900 diagnosis related groups (DRGs).
Each DRG holds an associated cost-weight that can be
used to estimate the average cost of an inpatient-, day-,
or outpatient- care episode. The DRG-costs are expected
to cover the average costs of a treatment including com-
plications during a hospital stay, within a DRG-group, in
Norway.

Lastly, data from Statistics Norway (SSB) provided
information on sociodemographic characteristics such
as income, education, country of birth and living status
(i.e., whether individuals per 1st January, each year, were
resident in Norway, living abroad or dead, and the date of
change from previous status).
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Calculation of healthcare costs

We estimated healthcare costs in the period 2009-2016.
Healthcare costs were estimated as Norwegian Kro-
ner (NOK) 2016 and inflated based on the Norwegian
consumer price index [25]. We converted healthcare
costs from NOK to US dollars (USD) using the average
exchange rate during 2016 (1 USD=8.3987 NOK) [26].
We estimated an average healthcare cost per year in the
period 2009-2016. First, we estimated the average cost
per year (i.e., the average cost in 2009, the average cost
in 2010 etc.). In these estimates, we only used data from
individuals who had been residing in Norway for the
entire year under analysis (i.e., for the costing year 2009,
individuals were included if they were alive January 1st,
2010, and if they had lived in Norway for the whole year,
that is January 1st 2009 — January 1st 2010). Those who
died during the year were included, while those who were
not living in Norway were set as missing. Individuals who
were set as missing because they moved to/from Norway
during 2009 could appear in later costing years, given the
same premises as listed above. Average annual healthcare
costs were calculated as the sum of costs for each year
(2009-2016) for each individual, divided by the number
of years that the individual was alive and residing in Nor-
way (and thereby had the potential to incur costs)’. This
approach for computation of healthcare costs implies
that we do not capture BMI-specific variations in costs
for the same type of treatment. However, it is likely that
for some treatments the cost might depend on BMI. For
instance, for some surgical procedures, the duration of
surgery might be longer for patients with obesity [27].

Body mass index

We used BMI as a measure of obesity in our study. Infor-
mation on height and weight was measured by a research
assistant as part of the examination in the HUNT studies.
Weight was measured to the nearest half kilogram while
participants were wearing light clothes and no shoes.
Height was measured to the nearest centimeter [28]. We
estimated BMI by dividing each participant’s weight (in
kilograms, kg) by their height (in meters, m) squared: (kg/
m?). In all the analyses, BMI was included as a continu-
ous variable. In the results we occasionally refer to differ-
ent classes of obesity, and here we have used the World
Health Organization’s cut-offs)%. BMI has been criticized
for not accounting for the bodily distribution of fat, or
body composition, but is also a simple and commonly

! For example, if an individual moved from Norway in 2009 and moved
back in 2010, and died in 2015 — costs for this individual were included for
the years 2011-2015, and the average yearly costs were estimated as: costs
2011+ costs 2012+ costs 2013+ costs 2014+ costs 2015 / 5 years.

% The World Health Organization (WHO) classifies obesity according to

BMIL Overweight corresponds to BMI 25-30 kg/m?, class 1 obesity to BMI
30-35 kg/m?, and class 2 obesity to BMI 35-40 kg/m?.



Hansen Edwards et al. Health Economics Review (2024) 14:36

used measure, allowing for comparison between studies
[29].

Covariates

Relevant covariates were selected based on the findings
from a literature review of studies investigating the asso-
ciation between BMI and healthcare costs by Kent, Fusco
[1]. We assessed all the covariates listed by Kent, Fusco
[1] and included the following covariates in the fully
adjusted models: education, smoking status, marital sta-
tus, resident in rural or urban area, income, and country
of birth.

Age was measured continuously. We also tested the
use of age squared in all analyses. Education was cat-
egorized as [1] primary school [2], secondary school [3],
higher education (short, < 3 years), and [3] higher educa-
tion (long, > 3 years) (SSB). Smoking status was catego-
rized as [1] never smokers [2], previous smokers [3], daily
smokers and [4] occasional smokers. Marital status was
categorized as [1] married or cohabitants [2], never mar-
ried [3], widows/ widowers, or [4] divorced or separated
(SSB). Urbanity (categorized as [1] urban/ [2] rural) was
defined as those living in one of the five municipalities
in former Nord-Trendelag County that were considered
densely populated urban areas with town-status® at the
time of invitation to the HUNT Study [30]. Income was
measured continuously at the individual level, as gross
wage income. Country of birth was categorized as [1]
those born in Norway from Norwegian parents and [2]
all others®,
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Analytical approaches

Sex-specific effects of BMI on healthcare costs were esti-
mated using several analytical approaches: multivariable
models, time-lagged IV models, offspring IV models, and
GRS IV models.

The analytical approaches required inclusion of differ-
ent samples. Figure 1 provides an overview of the sex-
specific sample sizes and covariates included for each
of the analytical approaches applied. The sample for the
GRS IV models included all participants with height and
weight recorded in HUNT 3 and information about rele-
vant BMI-specific genetic variants. We report descriptive
statistics for all samples to assess if key characteristics of
the samples change as participants are included/excluded
and conduct analyses across samples.

For all the models (except the GRS IV studies) we
ran age-adjusted models, and fully adjusted models (in
which we adjusted for: age, education, smoking status,
marital status, urbanity, income, and country of birth).
In the GRS IV studies, we assume that the genetic vari-
ants included in the GRS are independent of sociodemo-
graphic confounders and therefore we only adjust for age
(and refer to these models as fully-adjusted). Since the
association between BMI and healthcare costs has previ-
ously been found to be non-linear [31], we assessed both
the linear and the non-linear relationship between BMI
and healthcare costs in all analytical approaches. Non-
linearity was only assessed in the fully-adjusted models,
and reported as the marginal effect of increasing BMI by
one BMI-point.

¢ Two-partmodel (2PM)

Instrumental variable analvses

Analytical approach Data Covariate adjustment
Multivariable analyses (all analyses are sex-stratified)
*  Ordinary least squares (OLS) ‘
*  Generalized linear model (GLM) r—-b! All HUNT 3 participants (fp..= 22 648, nego..= 27 391) Age only

o =

Fully-adjusted: education. smoking
status, marital status. urbanity,
income, and country of birth

T ¥

Previous BMI as instrument for current BMI

Offspring BMI as instrument for parental BMI

Weighted genefic risk score (GRS) as instrument for current BMI
GRS based on genetic variants from Locke etal.

* GRS based on genetic variants from Yengo etal.
GRS based on genetic variants from Kheera etal.

N

g

i

All HUNT 3 participants with previously reported BMIin
HUNT 1 or HUNT 2 (= 17 589, apyi= 21 119)

All parents that participated in HUNT 3 and had offspring that
participated in HUNT 1. 2, or 3 (.= 8 598, ney...= 11 812)

All HUNT 3 participants with relevant genefic variants
- Variants from Locke etal. (.= 21 985, ngqy
- Variants from Yengo etal. (n,,
- Variants from Khera et al. (n,..= 21 898,

™

N

Offspring age and offspring sex

Age only (all the covariates adjusted
for in the other analyses are assumed to
be randomized)

/

Fig. 1 Overview of estimation strategies, data used, and covariate adjustment. All studies included only individuals where height and weight had been
measured (this information was available for 99% of participants in HUNT 3)

3 Namsos, Steinkjer, Verdal, Levanger and Stjgrdal.

*4 All others includes: first-generation immigrants without a Norwegian
background, individuals born in Norway by two foreign-born parents, for-
eign-born individuals with a Norwegian parent, Norwegian-born individu-
als with a foreign parent and individuals born abroad by Norwegian-born
parents.

Multivariable regression analyses

We conducted analyses using three different multivari-
able regression models that have frequently been used
in previous studies to estimate the effect of BMI on
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healthcare costs: ordinary least squares (OLS), general-
ized linear models (GLM) and two-part models (2PM).

The GLM and 2PM were specified in accordance with
commonly used [1, 2] and recommended practices [13];
for the GLM we used a log-link and a gamma distribu-
tion, and for the 2PM we used a logistic regression for the
first part of the model, and a GLM with a log-link and
a gamma distribution for the second part of the model.
To provide a single estimate for the association between
BMI and healthcare costs, we combined the two parts of
the 2PM into one estimate using the methods described
by Deb and coworkers (2017) [13]. To allow for investi-
gation of non-linear effects, a squared BMI-term was
included in the regression equations.

To avoid time-lag in our analyses, we restricted
our multivariable analyses to HUNT 3 participants
(n=50,410), Fig. 1. A time-lag would have occurred if we
included individuals from HUNT 2 (1990s) or HUNT
1 (1980s) due to the time interval between the years
that HUNT 2 and HUNT 1 were conducted, and the
years for which data on healthcare costs were available
(2009-2016).
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Instrumental variable (IV) analyses

IV models can provide causal estimates of the effect of
BMI on healthcare costs, provided that the underly-
ing IV-assumptions are satisfied. In brief, the following
assumptions must be satisfied: (1) The instrument must
be correlated with the exposure variable (BMI) (2) There
should not be any omitted variables influencing the asso-
ciation between the instrument and the outcome (health-
care costs) (3) The instrument must be related to the
outcome (here healthcare costs), only via its effect on the
exposure (BMI). For each of the IV analyses we report the
F-statistics and partial R* which indicates the strength
of the instrument (F) and how much of the variation in
the exposure that the instrument explains (partial R?)
(Figs. 2 and 3). We used three different types of instru-
ments in the IV-models: previous BMI, offspring BMI,
and weighted genetics risk scores (GRS):

Previous BMI as instrument for current BMI (time-lag 1V)

We ran two-stage least squares (2SLS) IV models using
previous BMI as instruments for current BMI. The time-
gap between HUNT 1 and HUNT 3 is 20-24 years,
and the time-gap between HUNT 2 and HUNT 3 is
9-13 years. Respondents were included in the analyses

~ Festat_
(partial R?)

Est. (SE) Pal 95% CI
oLS | 57.4 (12.5) <0.001 32.7:81.9
GLM el 63.1 (13.5) <0.001 36.7: 89.4
2PM e 60.5(12.7) <0.001 35.6; 85.5
IV (HUNTTHUNT2) —— 140.9 (20.5) <0.001 100.7; 180.9 13 986 (0.55)
IV (HUNT2HUNT?) @ 1145 (18.6) <0.001 78.0;151.0 21049 (0.69)
IV (ofispring) 4127 (117.2) <0.001 183.0; 642.4 321 (0.04)
5 0 5 100 150 200 250 300 350 4060 450 500 550 600 650 700
Effect size (95% Cl) of BMI
e F-stat
Fully-adjusted (males) Est. (SE) Pal 95% Cl (partial R2
B ; 1 70.0 (12.9) <0.001 44,8953 -
oM ; gl 85.3 (12.3) <0.001 61.2;109.2
2PM — e 789 (11.7) <0.001 56.2; 101.7
IV (HUNT1HUNT2) —— 126.4 (20.5) <0.001 86.2; 166.7 13 986 (0.55)
IV (HUNTZHUNT1) e 1.4 (18.9) <0.001 74.3; 148.6 21049 (0.69)
IV (Offspring)§ 362.8 (127.5) 0.004 112.9; 612.6 321 (0.04)
WV (Locke) 166.6 (83.6) 0.046 2.7;330.5 483 (0.02)
IV (Yengo) 106.7 (62.5) 0.088 -16.0; 229.3 760 (0.03)
IV (Khera) —_—— 154.3 (39.4) <0.001 77.0,231.6 2048 (0.09)

-50 0 50 100 150 200 250 300 350 400 450
Effect size (95% Cl) of BMI

500 550 600 650 700

Fig. 2 Effect and 95% confidence intervals of BMI on healthcare costs using different analytical approaches, for males, with adjustment for age (top
panel), and fully-adjusted models (bottom panel). In the fully adjusted analyses the OLS, GLM, 2PM, lagged IV-analyses, and the offspring IV-analyses,
estimates were adjusted for age, education, smoking status, marital status, resident in rural or urban area, income and country of birth. In the offspring
IV-analyses we also adjusted for offspring age and sex, and in the GRS based IV-analyses we only adjusted for age (since a prerequisite for these models
is that there is no need for further adjustment because our genes are randomly assigned at conception, and therefore assumed to be uncorrelated with

confounding factors)
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~ Festat
(partial R?)

Est. (SE) Pual 95% ClI
B |l 69.1 (10.0) <0.001 495,886
GLM - 68.9 (9.0) <0.001 51.1;86.8
2pM . —e— 68.7 (9.0) <0.001 51.1; 864
IV (HUNTTHUNT2) —e— 118.6 (14.5) <0.001 90.1;147.2 13493 (0.53)
IV (HUNT2HUNT1) o 92.9 (14.8) <0.001 63.9; 121.9 22654 (0.68)
IV (Offspring) 162.9 (52.6) 0.002 59.8; 266 541 (0.06)
50 0 50 100 150 200 250 300 350 400 450 500 550 600 650 700
Effect size (95% CI) of BMI
F-stat
Fully-adj (females) Est. (SE) Pal 95% Cl (partial R?
oLs : e 67.3 (102) <0.001 473,873 -
oLM Lot 58.8 (8.5) <0.001 423,752
2PM - 58.6 (8.2) <0.001 424,748
IV (HUNTTHUNT2) | —— 104.4 (14.8) <0.001 75.5;133.2 13493 (0.53)
IV (HUNTZHUNT1) e 87.6 (15.2) <0.001 57.7; 117.6 22654 (0.68)
IV (Offspring){ 120.9 (55.5) 0.030 12.0; 2297 541 (0.06)
V(Locke)| ——————— 20.8 (48.9) 0.669 75.0; 116.8 592 (0.02)
IV (Yengo) — 98.7 (40.0) 0.014 204;177.1 966 (0.04)
IV (Khera) o 65.0 (23.6) 0.006 18.9, 1113 2365 (0.09)

-50 0 50 100 150 200 250 300 350 400 450
Effect size (95% CI) of BMI

500 550 600 650 700

Fig. 3 Effect and 95% confidence intervals of BMI on healthcare costs using different analytical approaches, for females, with adjustment for age (top
panel), and fully-adjusted models (bottom panel). In the fully adjusted analyses the OLS, GLM, 2PM, lagged IV-analyses, and the offspring IV-analyses,
estimates were adjusted for age, education, smoking status, marital status, resident in rural or urban area, income and country of birth. In the offspring
IV-analyses we also adjusted for offspring age and sex, and in the GRS based IV-analyses we only adjusted for age (since a prerequisite for these models
is that there is no need for further adjustment because our genes are randomly assigned at conception, and therefore assumed to be uncorrelated with

confounding factors)

if height and weight were measured in HUNT 3 and
HUNT 1 and/or HUNT 2 (Fig. 1). We conducted two
separate analyses; one, where the BMI in HUNT 3 was
instrumented by BMI in HUNT 1 (when available), and
otherwise instrumented by BMI in HUNT 2 (IV HUNT
1] HUNT 2). Another, where the BMI in HUNT 3 was
instrumented by BMI in HUNT 2 (when available), and
otherwise instrumented by BMI in HUNT 1 IV HUNT
2| HUNT 1).

In each of the time-lagged IV analyses, we estimated
the age-adjusted relationship between BMI and health-
care costs, and subsequently the relationship with full
covariate adjustment (Fig. 1). To allow for investigation
of non-linear effects, a squared BMI-term was included
in the 2SLS; a squared-term of current BMI was instru-
mented by a squared-term of previous BMI.

Offspring BMI as an instrument for parental BMI (Offspring
IV-model)

We ran 2SLS IV models using the BMI of the oldest oft-
spring that had participated in HUNT as an instrument
for parental BMI. In these analyses we included all par-
ents that had participated in HUNT 3, and that had an
offspring (child) that had participated in either HUNT 1,

HUNT 2 or HUNT 3 (Fig. 1). We always chose the old-
est offspring, and if she or he had participated in more
than one round of HUNT, we chose values from the
most recent measurement point. In the offspring-model,
we ran age-adjusted and fully-adjusted models, and in
the first part of the model, we also adjusted for the age
and sex of the offspring [32]. To allow for investigation
of non-linear effects, a squared BMI-term was included
in the 2SLS; a squared-term of parents BMI was instru-
mented by a squared-term of offspring’s BML

GRS as instruments for individual BMI (Mendelian
Randomization, MR)

We ran 2SLS IV models using three different GRS as
instruments for BMI. For these analyses, we included
all individuals with information on BMI-related genetic
variants in HUNT 3 (Fig. 1). Using data on the BMI-
related genetic variants we generated three weighted
GRS: one score based on the variants reported by Locke,
Kahali [33], one score based on the variants reported by
Yengo, Sidorenko [34], and one based on the variants
reported by Khera, Chaffin [35]. The Locke-score was
based on 96 of the 97 genetic variants reported by Locke,
Kahali [33]. The Yengo-score was based on 936 of the 941



Hansen Edwards et al. Health Economics Review (2024) 14:36 Page 7 of 11
Table 1 Descriptive sample information
Variable Category Males n (%) Females n (%)
Total All 22648 (100.0) 27 391 (100.0)
BMI-category? Underweight (0.3) 234 0.9
Normal weight 5631 (24.9) 10418 (38.0)
Overweight 11863 (52.4) 10334 (37.7)
Class 1 obesity 4241 (18.7) 4599 (16.8)
Class 2 obesity 844 (3.7) 1806 (6.6)
Age - category 19-29 years 1840 8.1) 1840 6.7)
30-39 years 2837 (12.5) 3985 (14.5)
40-49 years 4536 (20.0) 5418 (19.8)
50-59 years 5371 (23.7) 5960 (21.8)
60-69 years 4593 (20.3) 5072 (18.5)
70-79 years 2569 (11.3) 3026 (11.0)
80-89 years (3.8) 1231 (4.5)
90 +years 0.2) 93 (0.3)
Missing (0.0) 0 (0.0)
Educational level Primary School 4524 (20.0) 6390 (23.3)
Secondary School 13091 (57.8) 13098 (47.8)
Higher education, short 3626 (16.0) 7 046 (25.7)
Higher education, long 1347 (5.9) 737 (2.7)
Missing (0.3) 120 (0.4)
Smoking Status Never smoker 8970 (39.6) 11829 (43.2)
Past smoker 7976 (35.2) 7 863 (28.7)
Daily smoker 3313 (14.6) 5133 (18.7)
Occasional smoker 1820 (8.0) 1757 (6.4)
Missing 569 (2.5) 809 (3.0
Marital status Married / cohabitants 13994 61.8) 15372 (56.1)
Unmarried 5761 (25.4) 5826 (21.3)
Widow/widower 766 (34) 3255 (11.9)
Divorced/Separated 2087 9.2) 2899 (10.6)
Missing 0.2) 39 0.1)
Urbanity Urban 14 337 (63.3) 17420 (63.6)
Rural 8 049 (35.5) 9573 (34.9)
Missing (1.2) 398 (1.5)
Immigration status Born in Norway 21899 96.7) 26 303 (96.0)
Born elsewhere 749 (3.3) 1088 (4.0)
Missing (0.0) 0 (0.0)

main variants reported by Yengo, Sidorenko [34], and the
Khera-score was based on ~2.07 million genetic vari-
ants of ~2.1 million genetic variants reported by Khera,
Chaffin [35]. Genetic variants that were excluded from
the scores were excluded due to poor imputation qual-
ity, linkage disequilibrium, or because they were not
available.

The scores were constructed by multiplying the number
of BMI-increasing alleles for each participant with the
beta-coefficients reported in each of the abovementioned
papers and adding these together for each participant.
For a more thorough description of the GRS-construc-
tion, see, for example Brandkvist, Bjgrngaard [36]. In
these models we adjusted for age only, because all other
covariates are assumed to be unrelated to the genetic
variants (since these are assumed to be randomized at

conception in accordance with Gregor Mendel’s Principle
of Independent Assortment [37]). We refer to these mod-
els as fully adjusted. To allow for investigation of non-lin-
ear effects in these analyses, we used the semi-parametric
methods proposed by Staley and Burgess [38].

Results

Descriptive statistics

Our sample consisted of 22 648 males and 27 391
females. The majority had overweight (males: 53%;
females: 38%), while 19% of males and 17% of females
had class 1 obesity, and 4% of males and 7% of females
had class 2 obesity. Less than 1% of males and females
had underweight. The mean age was 53 years (and the SD
19) for both males and females. The majority had com-
pleted secondary school (males: 58%; females: 48%), were
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never smokers (males: 40%; females: 43%), were married/
cohabitants (males: 62%; females: 56%), lived in urban
areas (males: 63%; females: 64%), and were born in Nor-
way from Norwegian parents (males: 97%; females: 96%).
The average healthcare costs for participants of HUNT 3
were $2 834 (SD 6742) for males, and $2 652 (SD 6 165)
for females.

a=BMlI-categories following WHO categorization:
underweight (BMI<18.5 kg/m?), normal weight (BMI
18.5-25 kg/m?), overweight (BMI 25-30 kg/m?), class
1 obesity (BMI 30-35 kg/m?), and class 2 obesity (BMI
35-40 kg/m?).

Compared with the sample used for the multivariable
analyses (Table 1), the sample used for the IV analyses
with time-lag were older, and a greater proportion were
married (and fewer unmarried) (Supplementary Table
S1, Supplementary Figure S1 and S2). The sample used
for the offspring analyses differed the most from the
sample used for the multivariable analyses (Supplemen-
tary Table S2, Supplementary Figure S1 and S2). In the
offspring sample, the respondents were older, and the
level of education was lower, particularly among females.
In addition, there were fewer never smokers and more
past smokers (especially among males), and there were
more married participants and fewer unmarried as well
as more widowers/widows. The characteristics of the
sample used for the IV analyses using GRS were highly
comparable to those of the sample used for the multivari-
able analyses (Supplementary Table S3, Supplementary
Figure S1 and S2).

Average effect of BMI on healthcare costs

BMI was positively associated with healthcare costs for
both males (Fig. 2) and females (Fig. 3). This finding was
consistent across analytical approaches and with inclu-
sion of different sets of covariates. Overall, there was a
tendency that the costs estimated from the multivariable
models were lower and more precise than the costs esti-
mated from the IV models.

Inclusion of the full set of covariates had different
effects for males and females. For males, the effect esti-
mates increased in all the multivariable models (by: $12.6
(OLS), $22.2 (GLM), and $18.4 (2PM)), while the effect
estimate was lower in the time-lag IV (HUNT1|HUNT2)
(by: $-14.5), in the time-lag IV (HUNT2|HUNT1) (by
-$3.1), and in the offspring IV model (by: $-49.9). For
females the effect estimates were smaller in all mod-
els when all covariates were included in the mod-
els (by: $-1.8 (OLS), $-10.1 (GLM and 2PM), $-14.2
(time-lag IV (HUNT1|HUNT2), $-5.3 (time-lag IV
(HUNT2|HUNT1), and $-42 (offspring IV)).
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Results of age-adjusted analyses

For males, a unit increase in BMI increased the average
annual healthcare costs by $57.4 — $63.1 in the multivari-
able models, and by $114.5 — $412.7 in the IV-models
(p<0.01). For females, a unit increase in BMI increased
average annual healthcare costs by $68.7 — $69.1 in the
multivariable models, and by $92.9 — $162.9 in the IV
models (p-value<0.01 in all the analyses).

Results from fully-adjusted models

In the multivariable models, a unit increase in BMI
increased average costs by $70.0 — $85.3 for males, and
by $58.6 — $67.3 for females. In the fully adjusted time-
lag and offspring IV models, the average estimated cost
of a unit increase in BMI varied from $111.4 — $362.8
for males and $87.6 — $120.9 for females, when using the
different models. In the GRS IV models, the average esti-
mated costs increased by $106.7 — $166.6 for males, and
by $20.8 — $98.7 for females, per unit increase in BML
The coefficient estimates of the control variables in each
analytical approach had overlapping confidence intervals.
The only exception was that in the offspring I'V for males
the coefficient for the category unmarried was signifi-
cantly lower than in the rest of the analyses (Supplemen-
tary information Figure S3 and S4).

Comparison of data samples

Since the offspring-sample was markedly different from
the main sample for some characteristics, we conducted
a sensitivity analysis where we ran all the fully-adjusted
analyses on both samples (Supplementary information
Figure S5). This was done to assess the effect of these dif-
ferences in sample characteristics, on effects estimated
from different analytical approaches. The confidence
intervals of the effect estimates were largely overlap-
ping in all the analyses. In most (all except time-lag IV
(HUNT2|HUNT!1 for females, and IV (Yengo) for males)
of the analyses, the offspring sample resulted in slightly
higher cost estimates.

Non-linear analyses

There was evidence of non-linearity in the analyses for
both males (Fig. 4) and females (Fig. 5). The non-linear
tendencies were, however, more prominent among
males. The marginal effects of increasing an individuals’
BMI by one BMI-point was negative for low BMI-levels
and positive at higher BMI-levels indicating a u-shaped
relationship between healthcare costs and BMI. Mar-
ginal effects went from negative to positive in the normal
weight/ overweight range (BMI 25-26) for males and in
the normal weight range (BMI 19-26) for females. The
non-linear curves estimated using different analytical
approaches were similar, but when IV models were used
the curves became steeper.
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Fig. 4 Results of non-linear analyses for males, showing the marginal effect (increasing healthcare costs) of a one-unit increase in BMI, using the different

analytical approaches
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Fig. 5 Results of non-linear analyses for females, showing the marginal effect (increasing healthcare costs) of a one-unit increase in BMI, using the differ-

ent analytical approaches

The marginal cost of increasing BMI with one BMI-
point was largest at the extremes of the BMI distribution
(Figs. 4 and 5). For example, healthcare costs were esti-
mated to increase more, on average, for individuals mov-
ing from BMI 39 to BMI 40 than for individuals moving
from BMI 29 to BMI 30. The size of the effect estimates
also varied quite considerably between the analytical
approach used.

Discussion and conclusion

There was a positive effect of increased BMI in both
males and females. Although the precision and size of
the coefficient varied across the models, each were of
the same sign. The 95% confidence intervals tended to
overlap between the analytical approaches, however
there were some trends in the effect sizes. Our findings
suggest that the costs of elevated BMI increased further
when using methods that to a larger extent account for
bias from simultaneity and omitted variables. This is in
line with findings of past studies [1-4], but in those stud-
ies, it was not clear whether this was due to the analytical
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approach, characteristics of the study sample, or the
study setting. Our study also provides solid evidence
that increased BMI leads to higher healthcare costs for
both males and females, and that the effect of additional
units of BMI on healthcare costs increases with increas-
ing BMI. This finding was consistent across the range of
analytical approaches used and when different covariates
were included in the models. Overall, the effect estimates
were smaller for females than for males. In addition, the
effect of adjusting for known confounders, and the effect
of the analytical approach used on the effect estimates
seemed to differ between the sexes.

Our results demonstrate how the choice of IV influ-
enced the effect estimates. Previous studies have argued
for the validity of genetic variants and offspring BMI as
instruments for BMI [32, 39, 40]. In our analyses, the
offspring-estimates stand out, as cost estimates were par-
ticularly high in these models, especially for males. This
could be due to unobserved associations between off-
spring BMI and omitted variables or between offspring
BMI and parental healthcare costs, and this should be
investigated further. If we compare our offspring IV esti-
mates with those of Cawley and Meyerhoefer [32] we
notice some important differences. First, although the
inflation adjusted (adjusted to 2016 price levels 1 USD
2005=1.24 USD in 2016 [41]) 2PM marginal effects are
similar for males ($73 in their paper vs. $79 in our paper)
and females ($58 in their paper vs. $59 in our paper), the
offspring IV estimates are quite different. The marginal
effects estimated from their offspring IV model was 1.4
times larger for males, and 3.7 times larger for females
compared with the corresponding 2PM estimate. In
our study, the marginal effect estimated from the linear
offspring IV model was 4.6 times larger than the 2PM
estimate for males, and 2.1 times larger than the 2PM
estimate for females. These are large discrepancies, which
cast doubt on the validity of the offspring instrument
and should be explored in future studies. However, these
differences could also be due to differences in sample
characteristics.

The effect estimates from the GRS IV models vary
depending on which genetic variants are included in
the score. The estimates vary from $107-$167 for males
and from $21-$99 for females, with varying precision.
This too is an interesting point for further research, and
future studies should aim at conducting sensitivity analy-
ses to try to investigate possible violations of the exclu-
sion restriction, in particular, pleiotropy (i.e., that genetic
variants that are associated with BMI are also associated
with other phenotypes that might influence the relation-
ship between BMI and healthcare costs) when using the
different GRS.

Although the analytical approach influences the size
and precision of the effect estimates, we cannot state
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which models’ effect estimate is a causal estimate because
each approach has its advantages and limitations. More-
over, there are aspects of the relationship between BMI
and healthcare costs that we were not able to account
for using our data: for example: the time lived with BMI
and the BMI trajectories of participants. In this study
we have focused on costs within specialist care services,
thus excluding various components of the healthcare sys-
tem in Norway, such as: home and nursing home care,
pharmaceutical care, primary care, and private care. The
extent and types of endogeneity bias may vary between
care providers, thereby influencing costs. It would be of
interest to conduct a similar study across all healthcare
settings to obtain a more comprehensive overview of the
consequences of methodological decisions.

In general, the assumptions for nonlinear instrumental
variable estimations are strong, and therefore the effects
from the non-linear IV studies should be interpreted
with caution. Concerns have particularly been raised
about methods we have used for nonlinear estimation in
the IV analyses using genetic instruments [42].

The response rate in HUNT 3 was 54%, and the rea-
sons for non-participation were: lack of time or incon-
venient session (51% females, 57% males), not having
received an invitation (10%), and among the oldest being
too ill or not seeing the benefit of participation were also
common reasons for not participating [43]. Participa-
tion was dependent on age, sex, and socioeconomic sta-
tus, BMI was slightly lower (albeit self-reported) among
non-responders, and depending on the health problem
under study, non-responders had higher prevalence of
some conditions and lower prevalence of others [43]. As
a result, it is difficult to know how healthcare costs vary
between responders and non-responders by BMI.

Overall, the effects estimated from the different ana-
lytical approaches were not significantly different. Eco-
nomic evaluations typically include both mean values
and their associated uncertainties in analyses. However,
decisions stemming from these evaluations tend to use
mean values. As a result, we would advise researchers to
think carefully about cost inputs and to always incorpo-
rate uncertainty for transparently. Economic evaluations
using the costs of obesity as inputs should be sex-specific
and may benefit from incorporating ample parameter
uncertainty in the model. More research is needed to
understand why effect estimates vary between different
analytical approaches.

Abbreviations
BMI Body mass index

2 Instrumental variable

OLS Ordinary least squares

GLM Generalized linear model
2PM Two-part model

GRS Genetic risk score

HUNT  The Trendelag Health Studies
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