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Investigate the Association of Body Mass
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Causal effect estimates for the association of obesity with health care costs can be biased by reversed causation and
omitted variables. In this study, we use genetic variants as instrumental variables to overcome these limitations, a
method that is often called Mendelian randomization (MR). We describe the assumptions, available methods, and
potential pitfalls of using genetic information and how to address them. We estimate the effect of body mass index
(BMI) on total health care costs using data from a German observational study and from published large-scale data.
In a meta-analysis of several MR approaches, we find that models using genetic instruments identify additional
annual costs of €280 for a 1-unit increase in BMI. This is more than 3 times higher than estimates from linear regres-
sion without instrumental variables (€75). We found little evidence of a nonlinear relationship between BMI and
health care costs. Our results suggest that the use of genetic instruments can be a powerful tool for estimating causal
effects in health economic evaluation that might be superior to other types of instruments where there is a strong
association with a modifiable risk factor.
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Overweight and obesity are global public health concerns
in terms of economic costs and effects on health.' The
projected global prevalence of obesity will reach 18% in
men and surpass 21% in women in 2025.% Higher body
mass index (BMI), expressed in units of kg/m?, is a risk fac-
tor for type 2 diabetes mellitus, cardiovascular diseases, and
certain types of cancer, resulting in shortened life expec-
tancy.> According to the World Health Organization,”* indi-
viduals are classified as obese with a BMI > 30 kg/m?2.
While lifestyle factors such as physical activity and nutrition
are important drivers of obesity, there is also a significant

health risk conditions (e.g., obesity) cannot be assessed in
randomized controlled trials (RCTs), and cost data col-
lected in RCTs often have limited generalizability.” On
the other hand, observational studies can estimate the
relation between health care costs and health conditions
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genetic component: previous studies have suggested that at
least 34% of BMI variation can be explained by genetic
loci.>®

Accurate estimates of health care costs are crucial to
judge the tradeoffs between medical possibilities, their
financial viability, and quality and fairness in any health
care system. Because of practical and ethical issues, many
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but generally cannot identify causal effects.® Many previ-
ous studies that estimated the association of obesity with
health care costs arise from observational studies (e.g.,
Finkelstein et al.,” Trasande et al.') that are unable to
fully account for unmeasured confounders. For example,
factors such as social deprivation or bias from self-
reported height and weight measures are often not
accounted for. In addition, the direction of the omitted
variable bias is usually unclear. Cawley and Meyerhoefer®
discussed how some people became obese after suffering
an injury or chronic depression and have higher medical
costs because of the injury or depression. Carreras-Torres
et al.'! found that higher BMI increased the risk of being
a smoker, but smoking itself lowers BMI.!?

The presence of reverse causation and omitted vari-
ables motivated the use of instrumental variable (IV)
analysis. The aim of the IV method is to exclude a corre-
lation between the explanatory variables and the error
term in a regression analysis. This is done by replacing
the explanatory variables with other variables that are
closely related to them but do not correlate with the error
term.

For example, in the case of health care costs of obe-
sity, Cawley and Meyerhoefer® used the BMI of a biolo-
gical relative as an IV. Compared with a standard
ordinary least squares (OLS) model, the authors found a
4-fold increase in the marginal costs of obesity and a 3-
fold increase in the marginal costs of 1 unit of BMI.
Studies by Black et al.'* and Kinge and Morris'* found
similar differences between OLS and IV models. They
both used the BMI of a biological relative as an I'V.

However, a potential concern with this approach is
that unobserved characteristics may be correlated with
both a person’s own BMI and his or her relative’s BMI,
for example, when they live in the same household."”

In this article, we use an IV approach called Mendelian
randomization (MR). MR is originally a concept from
genetic epidemiology that uses genetic variants as I'Vs to
overcome some limitations in cases where genetic poly-
morphisms have a well-known effect on modifiable risk
factors such as BML.'® If the IV assumptions hold, genetic
variants can be used to estimate the effect of BMI on
health care costs. Because genotypes are assigned ran-
domly when passed from parents to offspring, the popula-
tion genotype distribution is assumed to be unrelated to
confounders and can therefore serve as a valid instru-
ment. This random segregation of alleles, according to
Mendel’s law of independent assortment, mimics a natu-
ral experiment in which individuals are randomly assigned
to groups based on their exposure.'’

Recent literature has suggested that MR can be a
powerful tool for economic evaluation'®; however, we
only identified few studies that used it.'>!"2*

In this study, we use Mendelian randomization to esti-
mate the effect of BMI on total annual health care costs
and compare the results with a simple OLS model using
data from a German population-based cohort study and
published summary data.

Materials and Methods
Data

Study population. We use data from the KORA (Co-
operative Health Research in the Augsburg Region) F4
study (2006-2010, »n = 3080), a follow-up study of
the S4 study (1999-2001, n = 4261) with a cross-sectional
design. KORA is a population-based research platform
in the region of Augsburg, a city in the south of Germany,
and 2 surrounding districts running population-based
epidemiological studies. A more detailed description of
KORA can be found in Holle et al.*> All KORA parti-
cipants are German nationals and assumed to be of
European ancestry (ethnicity is not recorded). Participants
were interviewed at the study center regarding demo-
graphic and disease-related parameters, health care utiliza-
tion, and medications. Weight and height measurements
were performed by trained staff.

We also use summary-level data for individuals of
European ancestry (rn = 322, 154) available from pub-
lished genome-wide association studies (GWASs) by the
Genetic Investigation of Anthropometric Traits (GIANT)
consortium.*®

Confounders. All models adjust for age, sex, and educa-
tion. Education was classified into 3 groups: basic educa-
tion (<9 years of schooling), medium education, and
higher education (>12 years of schooling, required to
enter university). We also included the 10 first genetic
principal components as covariates to control for resi-
dual population structure (allele frequency differences
between cases and controls due to systematic ancestry
differences) when estimating the BMI-health care costs
summary-level effects from the KORA data.?” Genetic
associations should not be adjusted for large numbers of
confounders, particularly if they may be on the causal
pathway between the risk factor and the outcome.?®

Outcomes. The calculation of health care costs included
outpatient services, hospital care, rehabilitation, and medi-
cation. Resource utilization of those services was assessed
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Table 1 Summary Statistics for the KORA F4 Data Set”

Characteristic Overall

Annual total health care costs, mean (SD) 1961 (4325)

BMI, mean (SD) 27.7 (4.8)
Age, mean (SD) 56.2 (13.3)
Sex, n (%)
Female 1421 (50.7)
Male 1369 (49.3)
Education, n (%)
Basic 1451 (52)
Medium 681 (24)
Higher 664 (24)
Observations, n 2796

BMI, body mass index.
%Health care costs are expressed in 2011 €.

with an established questionnaire® and followed the stan-
dard way of how costs were calculated in previous KORA
studies.*” The time horizons for the assessment of used ser-
vices varied from 7 days for medication, 3 months for out-
patient physician contacts, and 12 months for inpatient
and outpatient stays (hospital and rehabilitation). We
extrapolated all measures to 12 months, under the assump-
tion that the data were representative of the entire year,
and then valued resource utilization by unit costs as pro-
vided by Bock et al.*! The costs of prescription medication
were estimated using pharmacy retail prices, based on
patient information on medication name and national
drug codes. For details on the costing of resource utiliza-
tion, please compare appendix Table Al. Table 1 presents
an overview of the data set. Observations with missing
(assumed at random) or implausible information were also
removed, resulting in a sample size of n = 2796 (91% of
whole sample).

Genetic instruments. We selected the 77 single-nucleotide
polymorphisms (SNPs), out of the 97 reported (the
remaining 20 SNPs are relevant for non-Europeans
only), that are highly associated (P <5 X 10~®) with BMI
variation for individuals of European ancestry, based on
a recent meta-analysis of 125 GWASs with 322,154 indi-
viduals by the GIANT consortium. A GWAS is a study
of the genetic variation of the genome of an organism—
designed to associate a particular phenotype (e.g., a dis-
ease) with particular alleles (a particular expression of a
gene). The genes are not necessarily examined directly
but well-defined markers such as SNPs. These are inher-
ited and hereditary genetic variants. The SNPs reported
in the GIANT study account for approximately 2.7% of
BMI variation. (A newer study by Yengo et al.>* reports

716 SNPs that explain approximately 6% of the BMI
variance, but these SNPs were not available to us.) The
published estimates of the BMI-SNP association were
based on an inverse normal transformation of BMI resi-
duals on age, age?, and any required study-specific cov-
ariates. Residuals were calculated by sex and case/control
status in unrelated individuals and were sex adjusted
among related individuals. We converted the causal esti-
mates reported in standard deviations (SDs) to raw BMI
units, assuming a median BMI SD of 4.6 kg/m2.%° Gene
selection based on large consortia-based GWASs gives
ideal candidates for MR studies.>® All analyses were con-
ducted in R* using the packages AER* and Mendelian-
Randomization.*®

Mendelian Randomization

The IV method is used to estimate causal relationships
when controlled experiments are not feasible or to infer
causality in the presence of unmeasured confounding. An
instrument is a variable that predicts the risk factor but,
conditional on the risk factor, shows no independent
association with the outcome. The random assignment in
trials is an example of what would be an ideal instrument,
but instruments can also be found in observational set-
tings with a naturally varying phenomenon. For example,
suppose a researcher wishes to estimate the causal effect
of smoking on general health.?” It is difficult to imply that
smoking causes poor health because other variables, such
as depression, can affect both health and smoking. An
individual may start smoking because of depression, and
simultaneously depression may influence health status. In
addition, it is difficult to conduct controlled experiments
on smoking status in the general population. In this case,
the tax rate for tobacco products is a reasonable choice
for an instrument for smoking, because higher prices tend
to keep people from smoking. Moreover, tax rates for
tobacco products are supposed to be unrelated to depres-
sion. If the researcher then finds an association between
tobacco taxes and health status, this may be viewed as
evidence that smoking causes changes in health.
Mendelian randomization is a type of IV analysis that
uses genetic variants as instruments. The random alloca-
tion of genetic variants at conception means that these
variants are less likely to violate some of the assumptions
of IV analysis than nongenetic instruments, even describ-
ing it as nature’s randomized controlled trial.*® A disease
or trait does not alter the inherited alleles, and therefore
these do not change over time. The SNP alleles’ random
inheritance makes the genotype distribution largely inde-
pendent of socioeconomic and lifestyle factors. Valid
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Figure 1 (a) A simplified causal diagram depicting our study. The instrumental variable (IV) assumptions are that the genetic
variants are associated with risk factor body mass index (BMI), that they have no other influence on the outcome health care
costs, except through BMI, and that there are no confounders of the genetic variants—outcome association. (b) An example of
violation of the relevance condition: the instrument is not associated with the risk factor. (c) If, for example, variants associated
with BMI had different frequencies in different ethnic groups, then the independence assumption would be violated. (d) The
exclusion restriction assumption is violated in the presence of horizontal pleiotropy, in which genetic variants associated with the
risk factor also affect a confounder. This assumption is also violated when the instrument has a direct effect on the outcome.

genetic instrumental variables are defined by 3 key The first assumption is required because the risk factor will
assumptions (see Figure 1): be estimated using the allele distribution of the genetic

instruments. This assumption can be tested using the weak
1. The genetic variant is associated with the risk factor ~instruments test based on the first-stage F statistic.”” The

of interest (the relevance assumption). second and third assumptions are harder to validate because
2. The genetic variant shares no common cause with of potential pleiotropic effects of SNPs or SNPs in linkage
the outcome (the independence assumption). disequilibrium (nonrandom association of alleles at different

3. The genetic variants do not affect the outcome 1oci) correlated with genes that have effects on the out-

. . . . . . 40
except through the risk factor (the exclusion restric- come independently of the risk factor (see Figure lc).
tion assumption). Another violation would happen if the sample consists
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of a population substructure with distinct distributions
of alleles that is also linked with the outcome. In this
situation, the substructure would be a prevalent cause
of both SNP and outcome, opening up a path from
SNP to nonexposure-mediated outcome (see Figure 1d).
See Glymour et al.*! for examples violating the indepen-
dence and exclusion restriction assumptions.

If the biological mechanism connecting the genetic
variant to the risk factor is well understood, a single var-
iant could plausibly fulfill these circumstances. In many
cases, however, MR studies include multiple genetic var-
iants. Then, for each of the genetic variants, the 3 main
assumptions must hold.

In our study, we perform both I-sample MR using
individual-level data and 2-sample MR using summar-
ized data. The 1-sample analysis is based on the KORA
data only, whereas the 2-sample analysis uses the
GIANT data for the SNP-BMI association and the
KORA data for the SNP-health care costs association.
We then meta-analyzed the MR estimates from each
genetic instrument (SNP) from these analyses and report
point estimates for the MR analyses together with stan-
dard errors (SEs) and 95% confidence intervals (CIs).

In the following, we explain both 1-sample and 2-

please corrseac]gllilggrggre()wes gb Bgeo%eet?slg\'mple MR, 2-sample MR
should be two-sample MR. These are fixed definitions. Please correct here
and in all nraviniic an

fallowinn neclirenceq | .
One-sample Mendelian randomization and 2-stage least

squares. To estimate the impact of BMI on medical
spending, we first used a 2-stage least squares (2SLS)
model. In the first step of the 2SLS approach, the endo-
genous regressor of interest (BMI) is regressed on all
valid instruments. As the instruments are assumed to be
exogenous, this approximation of the endogenous vari-
ables will not correlate with the error term.

In the second step, the outcome (total annual health
care costs) is regressed on the fitted values of BMI from
the first stage.

Stage 1: Regress independent variable X (BMI) on instru-
ments Z (genetic loci):

X =273 +ce. (1)

Stage 2: Regress Y (medical expenditures) on the predic-
tions X = Z8 = Z(Z"2)'Z"X from the first stage:

Y:)?B-i-"q.

The 2SLS estimates are then

— -1
Basis = (X72272) '2'x) X"2(Z"2)'Z'Y.

All 2SLS models control for age, sex, and education.
This approach, using individual-level data in a single
data set, is called I-sample MR. For comparison, we
compute linear OLS non-1V models that regress health
care costs on BMI and again adjust for the same covari-
ates as before. We use the Durbin—-Wu-Hausman endo-
geneity test*” to evaluate whether there is any evidence
that the instrumental variable estimate differs from the
OLS estimate. In this test, a significant result indicates
disagreement between OLS and IV estimates.

Two-sample Mendelian randomization using summary
data. Another popular MR method combines (publicly)
available summary data on SNP-risk factor and SNP-
outcome associations from 2 separate studies for large
numbers of uncorrelated variants. These can be obtained
from the published literature, typically from summary
results provided by consortia of GWAS, or estimated
directly from individual-level participant data. This is
referred to as 2-sample MR using summary data. The
main advantage of 2-sample MR is increased statistical
power, but the quality of the pooled results is dependent
on that of the individual studies. See Lawlor*® for a
detailed comparison of I-sample and 2-sample MR.

Two-sample MR takes advantage of the fact that the
risk factor—outcome association B need not be known if
instead the effect y of genetic variants Z on outcome Y
with error « is available:

Y =~vZ + k.

Then the causal effect can be calculated using the Wald
estimate™*:

S
Bwarp = =

b

where the estimate & results from equation (1). It is
important that both effect estimates & and 4 refer to the
same alleles of the genetic instruments Z. Other than
that, the same requirements apply as for 2SLS. As with
MR in general, 2-sample MR is analogous to methods
originally developed in econometrics, and more informa-
tion on the derivation of these estimators can be found
in the literature.*>*

In our study, we use the reported SNP-risk factor
associations from the GIANT consortium and the SNP-
outcome associations from the KORA data. Recently, a
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variety of different methods that go beyond the simple
Wald estimate have been developed. We consider the 4
most common methods to calculate the causal effect of a
2-sample MR study: the inverse variance weighted (IVW)
method, the simple and weighted median, and MR Egger
regression. The IVW meta-analysis of each Wald ratio is
the easiest way to obtain an MR estimate using multiple
SNPs. Using random effects allows each SNP to have
different mean effects (e.g., due to horizontal pleiotropy),
returning an unbiased estimate if the horizontal pleio-
tropy is balanced.

An alternative approach is to take the median effect
of all available SNPs.*® This has the advantage that only
half the SNPs need to be valid instruments (i.e., robust
association with the exposure, exhibiting no horizontal
pleiotropy, no association with confounders) for unbiased
estimation of causal effects. The weighted median can be
obtained by weighting the contribution of each SNP by
the inverse variance of its association with the outcome,
so stronger SNPs contribute more to the estimate.

MR Egger regression®” adapts the IVW linear regres-
sion analysis by allowing a nonzero intercept, so the net-
horizontal pleiotropic effect (i.e., effects of the SNPs on
the outcome not mediated by the exposure) across all
SNPs can be unbalanced, or directional. The method
returns an unbiased causal effect even if the horizontal
pleiotropic effects are not correlated with the SNP-
exposure effects (known as the InSIDE assumption). See
Hemani et al.*° for more details on all methods.

Invalid Instruments

As the number of biomarker-associated variants is con-
stantly increasing through GWAS, selection of the most
appropriate instruments is an important issue®' for 1-
sample MR. Using too many genetic variants as instru-
ments can lead to spurious estimates and increased type
I error rates. This implies that, even if a set of multiple
instruments is valid (i.e., they are not associated with
confounding factors, have no direct effect on the out-
come, and are at least weakly associated with the expo-
sure), the 2SLS estimator can still be biased toward the
conventional regression estimate.’>>* A weak instrument
explains only a small proportion of the variation in the
risk factor. Using many weak instruments can still result
in weak instrument bias.’>>* To address the weak instru-
ment problem in the 1-sample 2SLS models, we consider
both least absolute shrinkage and selection operator
(LASSO) variable selection and combining the genetic
variants into a single risk score.

LASSO selection. LASSO selection suggests selecting
optimal instruments in the first-stage regression by vari-
able selection.”” A similar approach with explicit applica-
tion to MR was proposed by Kang et al.® Additional
work by Windmeijer et al.’” recommends using the adap-
tive LASSO to retain the oracle properties.”® In the adap-
tive LASSO for the first stage, the goal is to minimize

(1
mm{— X — Z3)5 + A |wd| }
dcR? | n

where N is a penalization parameter obtained by cross-
validation, and w = 1/8 is an initial estimate of 3 (e.g.,
obtained by least squares). The adaptive LASSO proce-
dure that we used in our analysis shrinks many & para-
meters to effectively zero, pruning them out of the
regression.

Genetic risk score. An individual’s genetic risk score
(GRS) is equal to the number of alleles he or she has that
are associated with an elevated risk factor; each person
has zero, 1, or 2 alleles for each of the relevant SNPs, so
a high score means a higher risk.** In our study, the 77
genetic variants from the Locke et al.*® study result in a
maximum possible GRS of 154.

The GRS has 2 benefits: first, it is stronger (explains
more weight variation) than any of the SNPs separately,
and second, it may be more valid as it decreases the likeli-
hood that any alternative biological pathway (pleiotropy)
in any single SNP will bias the IV outcomes.”

However, Palmer et al.®* showed that an unweighted
score has lower power than adding multiple IVs into the
2SLS, and using an appropriately weighted allele score per-
forms similarly to adding each valid SNP as an instrument.

Meta-analysis. We meta-analyzed the MR estimates
from each genetic instrument (SNP) from the 6 individ-
ual analyses (1-sample 2SLS with GRS, I-sample 2SLS
with LASSO, 2-sample simple median, 2-sample weighted
median, 2-sample IVW, 2-sample MR Egger), assuming
an inverse variance-weighted random-effects model to
avoid overprecision and to allow for heterogeneity in the
causal estimates.®'

Pleiotropy

A common problem in MR analyses is the presence of
pleiotropic effects (i.e., a genetic variant has associations
with more than 1 risk factor on different causal path-
ways).%? This can be especially problematic for polygenic
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risk factors such as BMI, where the influence of genetic
variants is less specific.> To test violations of the IV
assumptions, we used 3 approaches. First, we checked,
in the Phenoscanner database,®* whether genes related to
BMI are also significantly associated with other determi-
nants of health care costs. In a second check, we used
the MR Egger intercept test*” for pleiotropy. In MR
Egger regression, the intercept is left unconstrained to
test for evidence of bias-generating pleiotropy, with a
null hypothesis of no pleiotropic effects. As a third test
for pleiotropy, we conducted Sargan’s test for overidenti-
fication.®® This test is only available for I1-sample MR
with multiple instruments (i.c., the 2SLS analysis with
LASSO selection). The null hypothesis in this test is that
all exogenous instruments are in fact exogenous and
uncorrelated with the model residuals, and all overidenti-
fying restrictions are therefore valid.

Nonlinearity

Previous research found evidence of a nonlinear relation-
ship between BMI and health care costs,*% and MR is
often unable to detect such nonlinearities because genetic
variants usually explain only a small percentage of the
variance in the risk factor.®” We used the method of
Staley and Burgess,®” which assesses nonlinear exposure—
outcome relationships using I'V analysis in the context of
MR. To test for nonlinear effects of BMI on health care
costs in our sample, we fitted both a fractional polyno-
mial model and a piecewise linear model and performed
the Cochran Q test, quadratic test, and fractional poly-
nomial test. The heterogeneity test using Cochran’s Q
statistic is used to assess whether the localized average
causal effect (LACE) estimates differ more than would
be expected by chance. The second is a trend test where
the LACE estimates are meta-regressed against the mean
value of the exposure in each stratum, equivalent to fit-
ting a quadratic exposure—outcome model. The third test
is a more flexible variant that compares twice the differ-
ence in the log-likelihood between the linear model and
the best-fitting fractional polynomial of degree 1 with a
x; distribution. Age, sex, and education are included as
covariates in both models.

Results
One-Sample M R

Table 2 presents the results of the association between
BMI and health care costs, according to the 1-sample anal-
ysis. The OLS model finds an effect of €75.8 (SE 14.6) for
a l-unit increase in BMI. In contrast, the 2SLS model

using the GRS estimates an effect of €129.0 (SE 241.2) for
a l-unit increase in BMI. The 2SLS LASSO model selects
64 valid genetic instruments for BMI and finds an effect of
146.1€ (SE 190.8). Other significant cost drivers or savers
in the OLS models are age and higher education for the
BMI model, but all associations lose significance at the
0.05 level when moving from OLS to 2SLS analysis.

In both 2SLS analyses, we find little evidence of weak
instruments, because the weak instruments test P value is
<0.05 in both cases and the F statistics are above the tra-
ditional threshold of 10.>° The Durbin-Wu-Hausman
test, however, suggests no strong evidence of differences
between the OLS and IV estimates.

Two-Sample MR

In Figure 2 and Table 3, we present the effect estimates
from the 2-sample MR analyses. All 4 methods find a
higher causal effect than the 2SLS approaches. For
example, the MR Egger method estimates a causal effect
of €397.7 (95% CI, =795 to 1590) for a 1-unit increase in
BMI. These effects increase from €405.1 (95% CI, -87 to
898) for the IVW method, to €428.3 (95% CI, -295 to
1152) for the weighted median, to €540.8 (95% CI, —192
to 1273) for the simple median method. However, all
95% confidence intervals are very wide, and the results
cannot be considered statistically significant. The absence
of pleiotropic effects is supported by the MR Egger inter-
cept test (P = 0.99).

Meta-Analysis

The meta-analysis of the 6 individual analyses (1-sample
2SLS with GRS, 1-sample 2SLS with LASSO, 2-sample
simple median, 2-sample weighted median, 2-sample IVW,
2-sample MR Egger) estimates a total causal effect of
€279.8 for a 1-unit increase in BMI on annual total health
care costs (see Figure 3). The 95% confidence interval for
this effect is 47.3 to 512.3, and the complete prediction
interval is —49.5 to 609.2. Most weight is assigned to the
2SLS LASSO (38.7%) and IVW (22.3%) methods.

Pleiotropy

In the PhenoScanner database, we found that some
SNPs are relevant to obesity-related illnesses such as type
2 diabetes and high blood pressure. As in Bdckerman
et al.,'” we assume that the associations with obesity-
related conditions occur because of the SNPs’ associa-
tion with high BMI, but we cannot definitely rule out
other pathways. The Sargan test does not provide evi-
dence of pleiotropic effects in the 2SLS LASSO model
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Table 2 Effect of BMI on Annual Total Health Care Costs Using an OLS Model and Two 1-Sample 2SLS Models with Genetic

Variants as Instrumental Variables®

Dependent Variable: Annual Total Health Care Costs OLS 2SLS (GRS) 2SLS (LASSO)
Age 40.6° 37.0° 26.5
(5.4) (21.5) (18.1)
Sex = female 211.3 241.2 219.3
(136.32) (308.1) (340.4)
BMI 75.8 129.0 146.1
(14.6) (241.2) (190.8)
Education
Basic Reference Reference Reference
Medium —-35.2 34.3 328.8
(170.5) (436.8) 474.1)
Higher —426.8¢ —324.0 262.0
(176.2% (620.8) (554.4)
Constant —3026.8 —4381.3 —4042.3
(544.0) (7858.3) (4949.3)
Observations 2796 2796 2796
Weak instruments test P value 0.01 0.04
First-stage F statistic 22.0 18.4
Durbin—-Wu-Hausman test P value 0.86 0.64
Sargan test P value 0.99

BMI, body mass index; GRS, genetic risk score; LASSO, least absolute shrinkage and selection operator; OLS, ordinary least squares; 2SLS, 2-

stage least squares.

“The GRS model uses a genetic risk score as a single instrument, whereas the LASSO model performs variable selection among the relevant
single-nucleotide polymorphisms in the first stage. Both 2SLS 1-sample Mendelian randomization analyses use KORA data only. The
instrumental variable results are from the second stage of the 2SLS approach. Standard errors in parentheses.

°P<0.01.
°p<0.1.
4P <0.05.

Table 3 Effect of BMI on Annual Total Health Care Costs
Estimated by 2-Sample MR Using Simple Median, Weighted
Median, IVW, and MR Egger Methods*

Two-Sample MR

Method Estimate 95% CI P Value
Simple median 540.8 —191.6 to 1273.2 0.15
Weighted median 428.3 —294.9 to 1151.5 0.25
IVW 405.1 —87.3 t0 897.5 0.11
MR Egger 397.7 —794.8 to 1590.2 0.51
MR Egger intercept 0.3 —42.7 to 43.0 0.99

CI, confidence interval; IVW, inverse variance weighted; MR,
Mendelian randomization.

“Estimation was performed with published genome-wide association
study summary-level data for body mass index from the Genetic
Investigation of Anthropometric Traits (GIANT) consortium and
with estimates for the single-nucleotide polymorphism-health care
costs association from the KORA data.

(see P values in Table 2). In addition, the absence of
pleiotropic effects is supported by the MR Egger inter-
cept test (P = 0.99; see Table 3).

Nonlinearity

There was no strong evidence that the association
between BMI and health care costs was nonlinear (see
Figure 4), with the quadratic test yielding a P value of
0.52 (fractional polynomial test P = 0.59, Cochran Q
test P = 0.62). The best-fitting fractional polynomial of
degree 1 for the relationship between BMI and health
care costs had power 3, and there was no evidence to
suggest a fractional polynomial of degree 2 fitted the
data better (P = 0.87).

Discussion

This study is one of the first that uses an MR approach
to estimate the marginal health care costs of a prevalent
clinical condition. MR offers new opportunities for reli-
able causal inference in health economic research within
the framework of observational research designs. The
recent advent of affordable GWASs provides an exciting
opportunity to understand with far greater precision the
genetic factors that influence variation in psychological,
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Figure 3 Meta-analysis of 1-sample and 2-sample Mendelian randomization (MR) causal estimates using individual single-
nucleotide polymorphisms (SNPs) as instrumental variables. One-sample MR using both a genetic risk score (GRS) and least
absolute shrinkage and selection operator (LASSO) variable selection was performed using the KORA data only. Two-sample
MR using 4 different methods was performed with published genome-wide association study summary-level data for body mass
index from the Genetic Investigation of Anthropometric Traits (GIANT) consortium and with estimates for the SNP-health care
costs association from the KORA data.
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Method TE seTE
2SLS (GRS) 129.0 308.0
2SLS (LASSO) 146.1 190.8

Two-sample: Simple median  540.8 373.7
Two-sample: Weighted median 428.3 369.0
Two-sample: IVW 405.1 251.2

95%-Cl Weight
129.0 [-474.7; 732.7] 14.8%
146.1 [-227.9; 520.1] 38.7%
540.8 [-191.6; 1273.2] 10.1%

405.1 [-87.3; 897.5] 22.3%

Two-sample: MR-Egger 397.7 608.4

Fixed effect model
Prediction interval

397.7 [-794.8;1590.2]  3.8%

279.8 [ 47.3; 512.3] 100.0%
[-49.5; 609.2]

Heterogeneity: 12 = 0%, t° = 0, p = 0.89 r
-1500

. —
S
— 428.3 [-294.9; 1151.5] 10.3%
—F—
-
I I

I
-500 0 500 1000

Figure 4 Exposure—outcome relationships for body mass index (BMI) with health care costs estimated using the fractional
polynomial and piecewise linear methods. The red points represent the reference point of BMI of 27.65 kg/m?. Gray areas and

lines represent the 95% confidence intervals.

social, and health-related traits. Even an incomplete
understanding of the genetic architecture of a trait could
be a boon for social scientists; the presence of genetic
variants can be detected with high reliability, thus allow-
ing to identify or clarify the actual biological mechan-
isms that underlie social and health behaviors.®®

Using MR, our findings indicate that a 1-unit increase
in BMI increases total medical spending by €279.8, based
on the meta-analysis of several MR methods. The OLS
model, which does not use instrumental variables, only
finds additional spending of €75.8. This demonstrates
that an MR study with genetic instruments may detect
more hidden bias than a non-IV analysis, leading to
higher estimated effects. It is important to note that OLS
estimates average treatment effects, whereas I'V estimates
local average treatment effects. This may partially
account for the differences in the effect estimates.®” Our
study results are in a similar direction to those of Cawley
and Meyerhoefer,® Black et al.,'? and Kinge and
Morris,'* which imply much higher costs of obesity in
the IV analysis compared with the non-IV analysis.
These studies use the BMI of the respondent’s oldest
child as instrument and report that the IV estimate for
the association between BMI and health care costs is
between 2 and 4 times higher than in the non-IV
approach, about the same magnitude that we find.
However, as it is likely that, because of shared environ-
mental exposures, a child’s BMI is correlated with rele-
vant covariates,’”® the use of such non- or quasi-genetic
IVs is found to be controversial and might lead to biased
estimates as well.

Another advantage of our data is that the height and
weight measurements of individuals in the KORA sample

were performed by trained staff. This is more accurate
than self-reported measurements where people tend to
underestimate their weight and overestimate their height,
resulting in an underestimation in BMI.”!

Because participants in our study were asked to self-
report their health service usage over the past 3 to 12
months, recall bias cannot be excluded, and it is expected
that total utilization and costs are underestimated. Health
care utilization was priced using average reference value;
therefore, actual costs might deviate. However, this
should not influence the validity of the study results
because its effect on relative excess cost estimates is
expected to be rather small.”? In addition, we were unable
to consider cost categories such as presenteeism, prema-
ture death, or out-of-pocket payments for medication. In
total, these limitations led to an underestimation of total
health care costs that might also lead to an underestima-
tion of marginal costs—which of course applies for both
the OLS and I-sample/2-sample MR.

Other studies found similar results. Within the BMI
range of 25 to 45 kg/m?, a study in the United States by
Wang et al.”® described an increase in medical and phar-
maceutical costs of $202.3 per BMI unit. A review of 75
international studies by Kent et al.”* reported a median
increase in mean total annual health care costs of 36%
for obese individuals compared with individuals of
healthy weight. However, all these studies rely on tradi-
tional non-IV estimations and might underestimate the
true effect.

A major limitation of our study is the low statistical
power of the 1-sample approach. Making anticonserva-
tive assumptions (i.e., that the true causal effect is the
MR effect reported in the study, with an observational
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estimate as per the OLS estimate), power is 0.44.”> This
low power is mainly because of the small sample size,
large variance in health care costs, and the weak SNP-
BMI association. The differing effect size of covariates
and larger confidence intervals between OLS and 2SLS
models may also be attributable to low power. To reach
a power level of 0.8, the sample size would need to be at
least 12,000.

Having weak or invalid instruments can be a problem
in MR analysis. This is a common problem in MR
because behavioral traits are mainly affected by numer-
ous genes with small effects.’® Davies et al.>> show that
2SLS is especially vulnerable to weak instrument bias in
MR and propose the limited information maximum like-
lihood and the continuously updating estimator as
unbiased alternatives to 2SLS. However, these methods
are difficult to implement and interpret. For this reason,
we used the GRS and adaptive LASSO variable selection
in the first state of 2SLS to rule out invalid and weak
instruments. The SNPs we used have been discovered in
GWAS and should be well founded, but it is also possi-
ble that there might be some direct effect that does not
operate through a high BMI because some SNPs are
linked to obesity-related illnesses.

The Durbin—-Wu—Hausman test P value suggests no
significant difference between OLS and IV estimates for
the 1-sample methods. However, the effects being esti-
mated by the 2 methods may not be the same—the MR
estimate reflects the effects of lifelong perturbations in
the risk factor, whereas OLS regression results may
reflect more acute effects.”® According to Burgess and
Thompson,”” it would be fallacious to assume that a
nonsignificant result means the OLS estimate is uncon-
founded. MR estimates are almost always less precise
and have wider confidence intervals than OLS regression,
so tests for difference often have low statistical power.

It must also be noted that the KORA F4 study was
part of the GWAS consortium that discovered the rele-
vant SNPs for BMI in the study by Locke et al.¢
Because the same data were used at the GWAS discovery
stage and in our analysis, it is possible that chance corre-
lation between SNPs and confounders can lead to over-
estimation of the SNP—trait effect.”® This is the so-called
winner’s curse or Beavis effect.”” However, the KORA
F4 study was only a small fraction of the more than
300,000 individuals in this GWAS, so it should not
strongly bias our analysis. Furthermore, this problem
almost exclusively affects the 1-sample analysis.

Burgess et al.’’ note that instrumental variable esti-
mates using a linear model may not reflect causal effects
for large changes in the exposure. In our case, we find the

relationship between BMI and costs approximately lin-
ear, and therefore the linear model is justified.

In the 2SLS estimator, we assume normal distribution
of cost data, which is not present because of skewness,
positivity, and heavy tails. This can also affect the valid-
ity of the standard errors and confidence intervals.®'*?
Still, the use of a linear model is justified because the
skewness and tail distribution are not extreme, and the
large sample size guarantees near-normality of sample
means because of the central limit theorem.®

In conclusion, we have shown that MR can be a viable
tool in health economic analyses. We found more than 3
times higher costs for a 1-unit BMI unit increase in our
IV model than in the OLS model. Because the association
of genetic variants with BMI is still weak, and the sample
size of our 1-sample analysis is very low, the results have
to be interpreted carefully.
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