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Genetics identifies obesity as a shared
risk factor for co-occurring multiple long-
term conditions
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Abstract

Background Multimorbidity, the co-occurrence of multiple long-term conditions (LTCs), is
an increasingly important clinical problem, but little is known about the underlying causes.
We investigate the role of a critical multimorbidity risk factor, obesity, as measured by body
mass index (BMI), in explaining shared genetics amongst 71 common LTCs.
Methods In a population of northern Europeans, we estimated genetic correlation, between
LTCs and partial genetic correlations after adjustment for the genetics of BMI. We used
multiple causal inferencemethods to confirm that BMI causally affects individual LTCs, and
their co-occurrence. Finally, we quantified the population-level impact of intervening and
lowering BMI on the prevalence of 15 key common multimorbid LTC pairs.
ResultsBMIpartially explains someof the sharedgenetics for 740LTCpairs (30%of all pairs
considered). For a further 161LTCpairs, thegenetic similarity between theLTCswasentirely
accounted for by BMI genetics. This list included diabetes and osteoarthritis and gout and
osteoarthritis: Causal inference methods confirmed that higher BMI acts as a common risk
factor for a subset of these pairs, and therefore BMI-lowering interventions would likely
reduce their prevalence. For example, we estimated that a 1 standard deviation or 4.5 unit
decrease in BMI would result in 17 fewer people with both chronic kidney disease and
osteoarthritis per 1000 who currently have both LTCs.
ConclusionsOur genetics-centred approach quantifies the contribution of obesity tomulti-
morbidity. Our method for calculating full and partial genetic correlations is published as an
R package {partialLDSC}.

Multimorbidity, defined as the coexistence of two or more long-term
conditions (LTCs), is an important public health challenge. The pre-
valence of multimorbidity differs across geographic regions, age groups
and between genders. It is also higher in more deprived individuals and is
often associated with lower quality of life and increased healthcare costs1.
Many observational studies have focused on defining and measuring
multimorbidity2,3. However, disparate definitions have led to variations in
its characterisation4. For example, a thorough definition of chronicity and
a list of chronic LTCs have been proposed by ref. 5 and approaches to
cluster LTCs and identify patterns of multimorbidity have recently been

developed6,7. These approaches have limitations, as they often involve
single datasets and modalities, and cluster identification might differ
depending on the algorithm8.

Investigating the role of common epidemiological risk factors for
multimorbidity is vitally important, as it can provide a better understanding
of the mechanisms underlying the co-occurrence of LTCs and help to
develop efficient prevention strategies. For example, using observational
data to study the relationship between socio-economic status and multi-
morbidity, it has been shown that lower education level and higher depri-
vation were associated with increasing risk of multimorbidity9. A large
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Plain language summary

More than half of people over 65 have several
long-term health conditions at the same time.
This is becoming a bigger issue in the UK, but
we don’t fully understand why some people
develop many conditions.We looked at how
body weight, measured by body mass index
(BMI), affects the shared genetic risks for 71
common health problems such as diabetes,
heart disease, arthritis and depression. Using
data from people with northern European
ancestry, we studied how much the same
genes are linked to different conditions—
both before and after taking the genetics of
BMI into account.We found that BMI explains
some of the shared genetic risks between
many health conditions, and all of the shared
risk for some, such as diabetes and osteoar-
thritis.Our results suggest that helpingpeople
lower their BMI could reduce the number of
long-term health problems they experience,
allowing more people to live longer and
healthier lives.
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multi-cohort prospective study provided evidence of associations between
obesity and a wide range of LTCs, as well as with the number of LTCs
developed, highlighting the potentially important role of obesity in
multimorbidity10. However, it is well known that confounding between a
risk factor and an LTC could explain all the apparent association, and the
process of designating a risk factor as an intervenable cause of an LTC
requires further lines of evidence.

We have previously assessed the genetic similarity between 2546
pairs of 72 LTCs11, allowing us to re-examine associations from observa-
tional epidemiology. Using genetic predictors of a trait, rather than obser-
vational measures, reduces the impact of inherent issues such as
confounding, measurement error and reverse causation12. These issues are
particularly problematic for studies ofmultimorbidity. Over the last decade,
genetic approaches have also greatly benefited from the increase in sample
sizes, and methods that allow data from more than one cohort to be
incorporated into the analysis, enabling researchers to work with data
linking tens of thousands of cases for common LTCs from a large range of
health exposures. This genetics-centred approach has been used to estimate
the costs of obesity on healthcare systems13. Our previous work showed
evidence of widespread genetic correlation across LTCs, with obesity being
highly genetically correlated with a broad range of LTCs11. Depending on
context, obesity can be considered a risk factor formultiple LTCs or an LTC
in its own right. In this work, we focus on using statistical genetics methods
to quantify the role of obesity as a common risk factor for multimorbidity.

Genetic correlation is said to be driven by pleiotropy when a genetic
locus affects several traits, and can reflect different scenarios: a direct rela-
tionship between the two traits (vertical pleiotropy –when the two traits are
part of a causal cascade), a common biological process or the effect of a
common risk factor on both traits (horizontal pleiotropy – when the two
traits have no direct effect on each other)14. Often, genetic correlations are
driven by a combination of both vertical and horizontal pleiotropy15.

In this presentwork,wepropose anapproach tohelpdifferentiate these
mechanisms in multimorbidity, focusing on obesity as a well-known risk
factor for several long-term conditions16. We chose the most common,
general clinicalmeasure of obesity for our primary investigation: bodymass
index (BMI). To provide additional insight on the role of central obesity, the
Waist Hip Ratio (WHR) was also used as a secondary measure. Using data
from the GEMINI collaborative for 71 long-term common LTCs com-
prising 2485 distinct pairs, we propose an approach to compare pairwise
unadjusted genetic correlations to partial genetic correlations that accounts
for BMI genetics, formally testing whether BMI explains a significant por-
tion of the genetic correlation for a given LTC pair. Because our analysis
leverages standard genetic summary statistics from 13 disease-specific
GWAS consortia that are not adjusted for BMI, our approach is simple and
powerful. We also view it as less susceptible to collider bias that could arise
from such explicit adjustment17. Using a smaller bespoke set of genetic
variants, we also applied causal inference methods to further elucidate the
causal (biological) mechanisms through which BMI affects the genetic
correlation between LTCs, quantifying its pivotal role as a common risk
factor in multimorbidity.

Methods
Data resources
We used GWAS summary statistics, derived from individuals of European
descent, for 71 common and heritable LTCs, encompassing 13 distinct
disease domains, grouped according to the International Classification of
Diseases (ICD): such as cardiovascular or respiratory domains18. These
GWAS data are described in detail in ref. 19; relevant diagnostic and ana-
lytical code is available on the project GitHub pages [https://github.com/
GEMINI-multimorbidity]. LTCs were defined by adapting existing diag-
nostic code lists with input from clinical experts. LTCs were selected for
genetic analyses if reaching a prevalence greater than 0.5% in people over 65
in each of two large population-based cohorts in the UK and Spain20,21.
Heritability measures the proportion of phenotypic variance explained by
genetics.We estimated this in theUKBiobank22 to identify a subset of LTCs

with a genetic basis. Finally, for each condition, we used the largest sample
size available by combining GWAS data from up to three sources: UK
Biobank, FinnGen, and condition-specific consortium data. To identify
these data, we used theGWASCatalog (https://www.ebi.ac.uk/gwas) and 13
disease-specific public repositories linked to GWAS studies. We contacted
authors in each case to identify to further ensure that disease definitions
aligned and that the participants were of European ancestry to enable
synthesis and comparison with UKB and FinnGen. (details available in
Supplementary Data 1). For many of these LTCs, the meta-analysed data
used represents the largest sample size used to date.We refer to these meta-
analysedGWASsummary statistics as “GEMINIsummary statistics” for the
rest of the paper. GWAS summary statistics can be downloaded from
Zenodo (https://doi.org/10.5281/zenodo.14284046).

We also used two different sets of GWAS summary statistics for BMI.
First, we used the largest data to date (N � 700; 000), combining results
from theGIANTConsortiumandUKBiobank23, to estimate full andpartial
genetic correlations (the definition ofwhichwill be clarified below).We also
used earlier results from theGIANTConsortium (N � 340; 000 –minimal
overlapwith theGEMINI summary statistics)24, to perform causal inference
analyses, after ensuring that the partial genetic correlations results were
consistent with the ones obtained using the larger dataset. GWAS summary
statistics were downloaded from the “GIANT” website (https://giant-
consortium.web.broadinstitute.org/GIANT_consortium_data_files).

The GWAS summary statistics for the 71 LTCs, as well as BMI, were
pre-processed using the munging function from the LD score regression
(LDSC) package25, and for all LDSC analyses, we used LD-scores estimated
from the 1000G EUR reference panel.

Covariance and correlation
Covariancemeasures the extent towhich the observed value of one quantity
predicts the value of another quantity. For example, in the case of two such
quantities – osteoarthritis (OA) and type 2 diabetes (T2D) diagnoses in a
study population - a positive covariance would indicate that having T2D
increases theprobability of havingOA.Correlation is simply a scaled version
of covariance that lies between −1 and 1. If all individuals in a population
with T2D also have OA, the two would have a correlation of 1. If all indi-
viduals in a population with T2D do not have OA, the two would have a
correlation of −1.

Partial genetic covariance and correlation
In this paper, we extensively study the genetic covariance and correlation
between two LTCs. That is, the degree to which genetic variants that predict
one LTC also predict the other LTC. Furthermore, we focus on under-
standing how the genetic covariance between two LTCs changes when we
remove the genetic effects of a common risk factor, which in our case is
obesity, measured primarily by BMI and by WHR as an additional sensi-
tivity analysis.

Using the Schur complement, the partial (or ‘adjusted’) genetic cov-
ariance between LTCs k and l (ρ̂gfk;ljxg), which corresponds to their genetic
covariance while holding the genetic effects of the trait x (in our case, BMI)
constant, can be defined as follows:

ρ̂gfk;ljxg ¼ ρ̂gfk;lg �
ρ̂gfk;xg � ρ̂gfx;lg

ĥ
2

fxg
ð1Þ

where ρ̂g k;lf g is the genetic covariancebetweencondition l andk; ρ̂g k;xf g is the
genetic covariance between condition k and trait x, ρ̂g x;lf g is the genetic
covariance between trait x and condition l, and ĥ

2

xf g is the heritability esti-
mate for trait x.

Genetic covariance and heritability estimates were obtained from
GWAS summary statistics using cross-trait LD Score regression (LDSC), as
previously described in ref. 26.
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Similarly, the partial heritability for LTCs k and l (ĥ
2
fkjxg and ĥ

2
fljxg,

respectively) can be estimated:

ĥ
2
fkjxg ¼ ĥ

2
fkg �

ρ̂gfk;xg � ρ̂gfx;kg
ĥ
2

fxg

ĥ
2
fljxg ¼ ĥ

2
flg �

ρ̂gfl;xg � ρ̂gfx;lg
ĥ
2

fxg

ð2Þ

where ĥ
2
kf g is the heritability estimate for condition k and ĥ

2
lf g is the her-

itability estimate for condition l.
Finally, the (unadjusted) genetic correlation (̂rgfk;lg) and the partial

genetic correlation (̂rg k;ljxf g) between LTCs k and l can be derived:

r̂gfk;lg ¼
ρ̂gfk;lgffiffiffiffiffiffiffiffiffiffiffiffiffi
ĥ
2

fkgĥ
2

flg

q

r̂gfkljxg ¼
ρ̂gfk;ljxgffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ĥ
2

fkjxgĥ
2

fljxg

q
ð3Þ

Our implementation of LDSC to calculate the unadjusted and partial
correlations followed the LDSC approach taken in Genomic SEM27.

To test if the partial (or adjusted) genetic correlation estimate is dif-
ferent from the unadjusted genetic correlation estimate, the following test
statistic was used:

tfk;lg ¼
r̂gfk;lg � r̂gfk;ljxgffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

Varðr̂gfk;lgÞ þ Varð̂rgfk;ljxgÞ � 2Covðr̂gfk;lg; r̂gfk;ljxgÞ
q ð4Þ

where the denominator, which represents the standard error of the
numerator, contains terms for the variance of the unadjusted genetic cor-
relation ðVarðr̂gfk;lgÞÞ, the variance of the partial genetic correlation
ðVarð̂rgfk;ljxgÞÞ and the covariance between the two ðCovð̂rgfk;lg; r̂gfk;ljxgÞÞ.
Our specific contribution is to obtain this using a bespoke block-jackknife
approach. When using SNP-trait associations, the standard jackknife
technique cannot readily be used because of the underlying LD structure
and the correlation between adjacent SNPs. Therefore, we implemented the
following procedure, defining J jackknife blocks, to estimate the variance of
each element of the genetic covariance matrix, ρg . Consider ρ̂g the estimate
obtained from the entire sample. For each block j, we created the j-th
jackknife subsample by removing the j-th block from the GWAS summary
statistics. We used this subsample to estimate the leave-one-out value ðρ̂g jÞ,
and derive the pseudo value ðeρg jÞ, when omitting block j: eρg j ¼ Jρ̂g �
J � 1ð Þρ̂g j: The variance of the pseudo-values ðes2Þ was then used to obtain
an estimate of the variance of the genetic covariance matrix estimate:
Var P̂

� � ¼es2
J . Further details of an empirical investigation which informed

our choice of 200 for the block size are provided in Supplementary Note 1.
Similarly, we defined the partial genetic covariance matrix (ρ̂gjx), the

genetic correlation matrix ðr̂g Þ and the partial genetic correlation matrix
ð̂rgjxÞ and then calculated leave-one-out and pseudo-values to estimate their
variance. This enabled us to rigorously test for a difference between the two.

We estimated partial genetic correlations between all pairs of LTCs,
using two different sets of GWAS summary statistics for BMI23,24. False
discovery rate (FDR) correction (Q� value < 0:05) was applied for both
unadjusted and partial genetic correlations, and the differences between the
two, to account for multiple testing. LTC pairs were then first classified
according to the difference between the two (FDR-corrected statistically
significant difference or not). Significant LTC pairs were then further
classified into four categories:
• Both unadjusted and partial genetic correlations were statistically non-

significant (FDR of 5%);
• Both unadjusted and partial genetic correlations were statistically

significant;

• Only unadjusted genetic correlations were statistically significant;
• Only partial genetic correlations were statistically significant.

Here, we focus on the results with evidence of genetic similarity before
and/or after adjustment for BMI. LTC pairs were defined aswithin-domain
if both LTCs belong to the same disease domain, or cross-domain if the two
LTCs belong to different disease domains.

Our analysis pipeline has been implemented in an R package - par-
tialLDSC - and is available on GitHub [https://github.com/GEMINI-
multimorbidity/partialLDSC]. All analyses have been performed using
version 0.1.1.

Causal inference using Mendelian randomisation
To better understand the causal relationship between BMI and each indi-
vidual LTC, we performed two-sample Mendelian Randomisation (MR)
analyses. MR is a causal inference method that typically uses only the most
strongly associated genetic variants with an exposure as instrumental
variables to estimate the causal effect of the exposure on an outcome. We
used this technique to estimate the causal effect of intervening to lower BMI
on each individual LTC. Our primary analysis in each case was the IVW
method, which is a summary data analogue of the general two-stage least
squares approach applied to individual-level data – it assumes that all
includedvariants are either valid instruments or, collectively, anypleiotropic
effects approximately cancel out. This was supplemented with well-known
sensitivity analysis approaches (weighted median, mode and MR-Egger)
that allow the assumption of balanced pleiotropy to be relaxed in different
ways. For further information on this established methodology, see Sup-
plementary Figs. 1 and 2 and Supplementary Note 2.

Removing the BMI causal effect from genetic correlations
For LTCs found to be strongly causally affected by BMI (23 LTCs, Sup-
plementaryNote 2), we used a recently proposedBayesianGWASapproach
to derive direct effect estimates28,29. The direct effects were estimated by
taking out the causal effect of BMI from the observed association effect
between each genetic variant and the condition. They correspond to the
direct association between genetic variants and the condition, not via the
BMIpathway, and canbe seen asBMI-correctedGWAS summary statistics.
We ran the analysis for each conditionusing the bGWASRpackage (https://
github.com/n-mounier/bGWAS - version 1.0.3)28, selecting instruments for
BMI using a p-value threshold of 5*10-8 with default values used for other
parameters.We then used the summary statistics for the direct effects to re-
estimate genetic correlations (denoted as bGWAS genetic correlations,
r̂0gfk;lg) for 253pairs.Weonly reported the results for the 246pairs forwhich
we detected a statistically significant difference between the unadjusted and
the partial genetic correlation estimates. We then compared partial genetic
correlations to bGWAS genetic correlations to understand if the difference
between unadjusted and partial genetic correlations is likely to be driven by
the causal effect of BMI on LTCs, or solely by the correlation between BMI
and the LTCs, which could be due to other mechanisms.

Estimating thecausaleffectofBMIon theco-occurrenceofLTCs
and estimating the effect of intervening on BMI
To further understand the role of BMI in the co-occurrence of LTCs, we
carried out additional analyses for the 15 pairs with the strongest pre-/post-
adjustmentdifference, andnoevidenceof genetic correlation, afteradjusting
for BMI. First, we performed an additional GWAS in the UK Biobank,
defining cases for our analyses as individuals having been diagnosed with
both LTCs (Supplementary Note 3). These GWAS summary statistics were
then used to estimate the causal effect of BMI on the co-occurrence of each
pair, using the same MR approach as for individual LTCs (Supplementary
Note 2). The genetic associations used for MR are in standard deviation
units for BMI (https://gwas.mrcieu.ac.uk/datasets/ieu-a-835/, 1 SD = 4.77),
and are log odds ratios for the outcomes. Therefore, for each pair p, the
causal effect estimate β̂p represents log odds ratios per 1 standard deviation
(σ) increase in BMI on the pair, compared to the actual observed BMI in the
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sample �μ
� �

:

β̂p ¼ log
oddsP ¼ 1jBMI ¼ �μþ σ

oddsP ¼ 1jBMI ¼ �μ

� �
ð5Þ

This causal effect estimate can thenbeused to evaluate how intervening
to lower BMI would affect the number of people having both LTCs30. In
practice, for eachpair,we estimated the reduction in1000 individuals ðR̂pÞof
reducing BMI by 1 SD:

R̂p ¼ 1000 � π̂p �
β̂pπ̂p

1� π̂p þ β̂pπ̂p

� �
0
@

1
A ð6Þ

where π̂p is the observed prevalence for pair p.
We used it to derive the number of cases that could be prevented from

each pair following a hypothetical intervention in the sample used for our
genetic analyses and estimated the impact on the prevalence of such an
intervention.

Figure 1 provides a flowchart to illustrate the various steps of our
analysis pipeline, including the data and methods used.

Ethics statement
We used publishedGWAS summary statistics, where the individual studies
had obtained the relevant consent to make results available for health
research. We used individual-level data from UK Biobank participants in

this study for analysis of genetic associations with BMI. The Northwest
Multi-Center Research Ethics Committee approved the collection and use
of UK Biobank data (Research Ethics Committee reference 11/NW/0382).
Participants gave informed consent for the use of their data, health records,
and biological materials for health-related research purposes. Access to the
UK Biobank was granted under Application Number 14631.

Results
BMI plays an important role in explaining genetic correlations
between common long-term conditions
From the 2485 pairs defined from the 71 LTCs, we detected a statistically
significant difference when adjusting for BMI genetics for 1362 pairs (Table
1, Supplementary Data 2). Figure 2 shows the difference between the
unadjusted genetic correlations and the partial genetic correlation estimates
after adjustment for BMI genetics. Supplementary Figs. 3 and 4 show the
unadjusted and the partial genetic correlations. The pairs with a statistically
significant difference encompassed 64 out of 71 LTCs. For most of these
pairs (1078=1362), the partial genetic correlation estimates were weaker
than the unadjusted ones, reflecting an attenuation of the genetic correlation
when adjusting for BMI genetics.

In most of the pairs (860/1362) for which a statistically significant
difference was observed, we found evidence of shared genetics both before
and after adjusting for BMI, indicating thatwhile BMI influences the genetic
correlation for these pairs, it does not account for all of it. These include 131
within-domain pairs and 769 cross-domain pairs, many of them encom-
passingLTCs from the “diseases of the circulatory system”, but also from the
“diseases of the skin and subcutaneous tissue” and the “diseases of the
digestive system” domains. For most of these pairs, the partial genetic
correlation estimates were smaller (740/860). The majority of the 120 pairs
where the partial genetic correlation estimates were larger were related to
anxiety disorder (30), osteoporosis (27), schizophrenia and delusional dis-
orders (12), as well as tinnitus (11). The unadjusted and the partial genetic
correlation estimates for the 20 pairs of these 860 with the strongest dif-
ference are presented in Fig. 3. Amongst these 20 top pairs, 12 distinct LTCs
are represented, with some conditions common between pairs with chole-
lithiasis in 6 pairs and carpal tunnel syndrome, gout and chronic kidney
disease in 7 pairs. This illustrates that BMI genetics tends to explain a larger

Fig. 1 | The flowchart of the analysis approach taken in our study, including the data andmethods used. The flowchart illustrates the sources of input data and methods
applied at each step to achieve the project aims.

Table 1 | Summary of the numbers of condition pairs
significantly attenuated by BMI genetics

r̂g ðQ� value � 0:05Þ r̂g ðQ� value<0:05Þ
r̂gjBMI ðQ� value � 0:05Þ 308 161

r̂gjBMIðQ� value<0:05Þ 33 860

Description of the 1362 pairs with statistically significant differences (Q� value<0:05 for the test
statistics described in Eq. 4), according to the statistical significance of unadjusted (̂rg ) and partial

(̂rgjBMI) genetic correlation estimates.
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proportion of genetic correlation in pairs that contain specific LTCs. Fur-
thermore, these LTCs are also amongst the ones with the strongest genetic
correlations with BMI (Supplementary Data 1), and most strongly causally
affected by BMI in ourMR results (SupplementaryNote 2). For 471 of these
860 pairs, our MR analysis showed that BMI is likely causal for both LTCs
(Supplementary Data 6), providing further evidence that BMI is the likely
source of the genetic correlation.

Formore than10%of thepairswith a significant difference (161/1362),
we showed that BMI is likely to account for the vast majority of the genetic
correlation. For these pairs, BMI adjustment resulted in a greatly reduced
partial genetic correlation consistent with no remaining genetic similarity

between the two LTCs. Many of these pairs (76/161) included at least one
condition from the “diseases of the circulatory system” domain, and almost
all the pairswere cross-domain pairs (154/161) for example 24pairs had one
condition from the “diseases of the circulatory system” domain, and one
condition from the “diseases of the musculoskeletal system and connective
tissue” domain. For instance, we observed complete attenuation of the
genetic correlation between: type 2 diabetes and osteoarthritis
ð̂rg ¼ 0:2216ðSE ¼ 0:0208Þ; r̂gjBMI ¼ �0:0189 ðSE ¼ 0:0296ÞÞ; gout and
osteoarthritis ðr̂g ¼ 0:1920ðSE ¼ 0:0229Þ; r̂gjBMI ¼ 0:0191ðSE ¼ 0:0292ÞÞ;
and gout and sleep apnoea ð̂rg ¼ 0:2313ðSE ¼ 0:0266Þ; r̂gjBMI ¼
0:0118ðSE ¼ 0:0355ÞÞ (Supplementary Data 2, Fig. 4). For 93 of these pairs,

Fig. 2 |Heatmap of the difference between full and partial genetic correlations for
all 2485 disease pairs after adjustment for the genetics of BMI. Pairwise partial
genetic correlation analysis between 71 conditions (i.e., 2485 disease pairs). Con-
dition pairs where there was no significant (FDR correction) genetic correlation
before or after adjustment, or the adjustment for BMI genetics was non-significant

(FDR corrected), are colouredwhite. Data shown is the proportion change in genetic
correlation between condition pairs after adjustment for BMI genetics (where the
change is statistically significant after FDR correction). See Supplementary Data 2
for tabular data.
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including all in Fig. 4, our MR analysis detected a statistically significant
causal effect of BMI on both LTCs.

For 33 LTC pairs, there was no evidence (at FDR < 0.05) of genetic
correlation, but on adjustment for the genetics of BMI, a residual genetic
effect was observed (Supplementary Data 2, Fig. 5). These results are
consistent with BMI masking shared genetic mechanisms between the
two LTCs. Most of these pairs were cross-domain pairs (28/33), and
notably, 14 of these pairs were related to osteoporosis. This can be
explained by the fact that lower BMI has been shown to be associated
with higher osteoporosis risk31 whereas for most other LTCs, higher BMI
is suspected to be risk-increasing. This is further supported by our MR
analysis, as we found a statistically significant causal effect of lower BMI
on osteoporosis (Supplementary Note 2). For 19 of these pairs, our MR
results showed that BMI is likely causal for both LTCs, but protective for
one of them, consistent with the partial genetic correlation being stronger
than the unadjusted genetic correlation.

For 1123 LTC pairs, adjusting for BMI genetics had no statistically
significant effect on the genetic correlation between them, suggesting that
other mechanisms are giving rise to the genetic similarity between these
LTCs. For example, the strong genetic correlation between allergic rhinitis
and bursitis ð̂rg ¼ 0:3640ðSE ¼ 0:0777Þ; r̂gjBMI ¼ 0:3639ðSE ¼ 0:0795Þ;
differenceQ� value ¼ 0:98Þ, or between anxiety and schizophrenia ðr̂g ¼
0:4417ðSE ¼ 0:0234Þ; r̂gjBMI ¼ 0:4414ðSE ¼ 0:0232Þ; difference
Q� value ¼ 0:91Þ, remain similar after adjusting for BMI genetics.

These results were consistent with those obtained using less
recent BMI data, excluding UK Biobank, with partial correlation
estimates that were highly similar (correlation¼ 0:9974, Supple-
mentary Fig. 5A), with evidence of the analysis using the more recent
data being more powered (Supplementary Table 1, Supplementary
Data 3, Supplementary Fig. 5B).

BMI acts as a common risk factor in multimorbidity
To compare our partial genetic correlations to another method (bGWAS),
we estimated pairwise genetic correlations accounting for the estimated
causal effect of BMI on both LTCs, for 246 pairs. This comprised the 23
LTCs that were strongly causally affected by BMI and a subset of LTC pairs

forwhich a statistically significant differencebetweenunadjusted andpartial
genetic correlation estimateswas observed.Weused bGWAS to take out the
causal effect of BMI on each individual LTC and re-estimated pairwise
genetic correlations. These differ from the partial correlation estimates since
they only remove the BMI genetics estimated to be due to the causal role of
BMI on each condition.We observed strong agreement between the partial
genetic correlation estimates and the bGWAS correlation estimates, with
most of the bGWAS genetic correlation estimates being stronger (less
attenuated) than the partial ones (Fig. 6, Supplementary Data 4), suggesting
that partial genetic correlation estimates might capture additional associa-
tions between BMI and the LTCs that are not due to these causal rela-
tionships. See Supplementary Note 4 for details.

For the 15 pairs with the strongest difference and no evidence of
genetic correlation after adjusting for BMI genetics, we performed
genetic analysis for each pair and further investigated the role of BMI
using MR results. We showed that higher BMI had a strong risk-
increasing causal effect on every condition within these pairs. In addition,
the unadjusted genetic correlation estimates were all positive, and higher
BMI was shown to be risk-increasing for all LTCs (Supplementary
Data 5). This suggests that the attenuation of the genetic correlation is
likely due to BMI acting as a common risk factor. This is further con-
firmed by the MR analysis on the pairs, with all IVW causal effect esti-
mates being positive and statistically significant (p� value< 0:05=64,
Bonferroni correction) (Supplementary Data 5).

For these pairs with directionally consistent individual causal effects,
we also estimated how intervening on BMI would affect the number of
people having both LTCs. To do so, we calculated the reduction in the
number of cases for 1000 individuals expected by a one SD BMI reduction.
In the UK Biobank sample used in the analysis, the mean BMI is approxi-
mately 27, and its standard deviation is 4.77. A 1 SD intervention applied to
the population can therefore be viewed as taking the populationmean BMI
from 27 (considered moderately overweight) to 22.23 (considered to be
‘normal’). Resultswere highly correlatedwith the observedprevalence of the
pairs in our sample, and lowering BMI had a stronger effect on pairs with
higher prevalence (Supplementary Data 5). Results for the 5 pairs with a
prevalence above 1% are presented in Table 2. For example, 16 out of 1000

Fig. 3 | Condition pairs where BMI genetics
strongly attenuated the genetic correlation, but
evidence of shared genetics remained. Unadjusted
(blue circle) and partial (blue-green triangle) genetic
correlation estimates and 95% confidence intervals
for the 20 pairs with the strongest difference
(Q� value indicated for each pair on the right) and
evidence of shared genetics both before and after
adjusting for BMI. See Supplementary Data 2 for
tabular data.
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people having both chronic kidney disease and osteoarthritis, and 9 out of
1000 people having both type 2 diabetes and osteoarthritis, would not have
both LTCs after a one SD BMI intervention (1 SD = 4.77). In the UK Bio-
bank sample used for our analysis, thiswould translate into a 4.6% reduction
in prevalence for the co-occurrence of chronic kidney disease and
osteoarthritis, and a 3.3% reduction in prevalence for the co-occurrence of
type 2 diabetes and osteoarthritis. We postulate that the impact of such an
intervention in the general population is likely to be stronger, since the
prevalence of these pairs of LTC in the UK Biobank is lower than in the
general population (SupplementaryData 5), due to healthy volunteer bias in
the UK Biobank32.

Highly concordant analysis using WHR
To provide additional robustness and insight, we compared unadjusted
genetic correlations to their correlation after adjustment for WHR for all
2485, using genetic summary statistics for WHR in Pulit et al.33. Whereas
previously we found that 1362 pairs had a statistically significant difference
in genetic correlation after adjusting for BMI genetics, we found that 1370
had a statistically significant difference in genetic correlation after adjusting
forWHRgenetics. 1072 of these (78%)were the same (this includes 12 pairs
where the genetic correlation is fully attenuated after adjustment for WHR
genetics, but had some residual genetic correlation when using BMI). Our
analysis did identify 298 pairs whereWHR genetics significantly attenuates
the genetic correlation, but adjustment forBMI genetics didnot.The top 20/
298 pairs where this occurred are shown in Fig. 7. Full partial LDSC results
for genetic correlation before/after WHR adjustment are shown in Sup-
plementary Data 7, Supplementary Data 8 contains updated MR results.

Discussion
Clinical trials and Mendelian randomisation studies have shown that obe-
sity is very likely to cause many individual LTCs34. However, the role of

higher BMI in the co-occurrence of two LTCs and the extent to which it
accounts for some or all of the co-occurrence is less certain. In this study, we
combined genetics data from very large studies with a powerful statistical
analysis technique to estimate the extent towhichhigher BMI influences the
genetic similarity between pairs of LTCs. Our analyses indicated that for a
large proportion of pairs of LTCs, higher BMI is likely to explain part of the
genetic correlation, but that other factors are likely to also contribute. For
55% of LTC pairs tested, we observed a change in the genetic correlations
when accounting for BMI genetics. Using causal inference methods, we
confirmed that BMI acts as a common risk factor for a subset of these pairs,
and that intervening on BMI could help reduce the prevalence of pairs of
multimorbid LTCs.

Our analyses indicated that for 36% (740/2485) of LTC pairs we stu-
died, higher BMI could explain a significant proportion of their genetic
correlation. Of these, 161 pairs were identified for which the estimates were
consistent with a null partial genetic correlation, suggesting that the genetic
similarity between these pairs of LTCs is entirely explained by the BMI.
These included many pairs that spanned traditional disease domains,
especially those involving osteoarthritis and metabolic diseases, and COPD
and metabolic diseases. For some of these pairs, previous studies have
observed a similar strong attenuating effect of BMI, such as for type 2
diabetes and osteoarthritis and gout and sleep apnoea35,36.

Thirty-three pairs (about 1%) of LTCs showed no evidence of unad-
justed genetic similarity, but after accounting for the genetic effect of BMI, a
partial genetic correlation emerged.These results suggest that sharedgenetic
causes may exist for some pairs, but they could be masked by BMI having
effects in opposite directions. Most of these pairs were related to osteo-
porosis, whichmay be explained by the fact that the direction of the effect of
BMI on osteoporosis is opposite to the one on most other LTCs37. We
observed, for example, a positive genetic correlation between osteoporosis
and stroke, only after accounting for BMI genetics. Because genetic risk

Fig. 5 | Top 10 condition pairs where there was no
genetic correlation between the conditions ori-
ginally, but there was after accounting for BMI
genetics.Unadjusted (blue circle) and partial (blue-
green triangle) genetic correlation estimates and
95% confidence intervals for the 10 pairs with the
strongest difference (Q� value indicated for each
pair on the right) and evidence of shared genetics
only after adjusting for BMI. See Supplementary
Data 2 for tabular data.

Fig. 4 | Top 10 condition pairs where there was no
longer a genetic correlation between the condi-
tions after accounting for BMI genetics. Unad-
justed (blue circle) and partial (blue-green triangle)
genetic correlation estimates and 95% confidence
intervals for the 10 pairs with the strongest differ-
ence (Q� value indicated for each pair on the right)
and evidence of shared genetics only before adjust-
ing for BMI. See Supplementary Data 2 for tabu-
lar data.
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usually reflects life-long exposure, this correlation suggests the presence of
shared risk factors for osteoporosis andmetabolic traits, althoughwe cannot
rule out a genetic correlation resulting from reducedmobility and bone load
reduction in stroke patients38.

Our results corroborate the role of BMI as a common risk factor for
various pairs of LTCs.We have used causal inference approaches to test the
causal relationship between BMI and the different LTCs, and we used the
bGWAS approach to re-estimate genetic correlation estimates, adjusting
only for thepart of the genetic correlation that is drivenby the causal effect of
BMI on the LTCs. Overall, we observed a strong agreement between partial
and bGWAS genetic correlation estimates, providing further evidence that
BMI does act as a common risk factor. However, the bGWAS genetic
correlation estimates were in general stronger, suggesting that the

correlation between BMI and the LTCs is not entirely explained by the
causal effect and thatmore complex relationshipsmay exist. In addition, the
effects derived frombGWASwould only capture linear causal effects, so any
non-linear effects would not be accounted for, possibly explaining why the
bGWAS genetic correlation estimates were stronger. We also showed that
BMI has a strong, risk-increasing, causal effect on some pairs of LTCs, and
that lowering BMI could help reduce the prevalence of these pairs.

Many of the LTC pairs include those from across traditional clinical
domains, and for most of these pairs, the attenuation after accounting for
BMI was as strong as that for within-domain pairs. For example, based on
our genetic approach, the role of BMI in explaining the co-occurrence of
COPDand severalmetabolic LTCs and osteoarthritis and severalmetabolic
LTCs, is just as strong as the role of BMI in explaining the co-occurrence of

Fig. 6 | Comparison of two methods to adjust the genetic correlations between
each condition pair for the genetics of BMI. A Partial genetic correlation estimates
(using BMI data from 2018, x-axis) and bGWAS-adjusted (which removes the
causal effect of BMI prior to estimating genetic correlations) genetic correlation
estimates (estimated from direct effects obtained using bGWAS and BMI data from

2015, y-axis). B Unadjusted (blue circle), partial (blue-green triangle) and bGWAS
(green square) genetic correlation estimates and 95% confidence intervals for the 10
pairs encompassing the 5 conditions that are the most strongly affected by BMI. See
Supplementary Data 2 and 3 for tabular data.
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two metabolic LTCs. The reasons for these findings require further inves-
tigation, but our results suggest that interventions aimed at weight loss
should monitor these additional LTCs more closely, or conversely, patients
with a combination of obesity and a metabolic condition should be mon-
itored for less obvious non-metabolic LTCs.

The definition of obesity, and other obesity-related measures and
phenotypes that can be used as proxies in public health research, is critical39,
and which one is the best predictor for disease risk might depend on the
condition40–46. For that reason, we believe that results using BMI, as a con-
tinuousphenotype that canbe easilymeasured in the general population, are
less likely to be biased and are easier to interpret. However, to add further
robustness to our findings, we also observed a broadly similar picture when
using WHR as an alternative measure of obesity.

Ourworknot only has important implications for research that aims at
identifying shared biological pathways between pairs of LTCs but also has
direct implications for potential intervention. We showed that intervening
onBMIwoulddirectly impact theprevalence of pairs of LTCs, such as type 2
diabetes and chronic kidney disease, or type 2 diabetes and osteoarthritis.
This is particularly important with the advent of effective weight loss
pharmaceutical treatments that could be used to reduce the co-occurrence
of LTCs through a better weight management strategy.

When assessing if two long-term conditions’ genetic correlation is
driven by BMI genetics, and looking as we did across 2485 distinct pairs, we
took the view that it was sensible and practical to do this at the ‘global’ level,
by averaging over all mechanisms underlying BMI. However, obesity is a
multidimensional quantity and two individuals with the same BMI could
have very different body types, health status and subsequent disease risk.We
recommend that interesting LTC pairs highlighted from our broader ana-
lysis strategy are perfect candidates for further in-depth study touncover the
possible mechanisms at play. To provide a tool for just this purpose, in
closely related work recently published by the GEMINI group, Liang et al.47

develop an extended summarydataMRmethod touncoverheterogeneity in
the joint causal effects of an exposure on two LTCs that is driven by subsets
of genetic variants. These subsets are conceptualised as encoding latent sub-
components of the exposure.Our exemplar study estimated the causal effect
of body fat percentage (BFP) onType 2diabetes and osteoarthritis using 487
SNPs previously identified by Martin et al.42. Liang et al. identified four
distinct genetic clusters: the most pertinent cluster (positive causal effect of
increased BFP on OA but negative causal effect on OA risk) and Cluster 1
(positive causal effects of increased BFP onT2D andOA risk). These results
add weight to the growing hypothesis that increased body fat exerts het-
erogeneous effects on T2D, with metabolically favourable (i.e., ectopic) fat
lowering T2D risk and metabolically unfavourable (i.e., visceral) fat
increasing T2D risk, but increased body fat is uniformly associated with
increased OA risk due to its load-bearing effect.

Anobvious limitationof our general approach for exploring genetically
correlatedLTCs is the considerationof a single risk factor. In futurework,we
will extend the approach to enable adjustment for the genetics of multiple
obesity risk factors simultaneously, most obviously BMI, BFP, WC and
WHR together. This will provide further insights into the most important
measure driving the correlation within each pair.

Another limitation of our current approach is its focus on disease pairs
in isolation. Amore completemodelwould attempt to uncover the complex
network of causal relationships between all 71 LTCs. Extending our current
genome-wide correlation workflow from pairs to look even at triplets or
quadruplets of LTCs would necessitate around 60,000 and 1M analyses,
respectively, which clearly isn’t scalable. However, promising recently
proposed algorithms such as MRSL48 can learn causal network structures
fromthe relativelymodest startingpoint of all bi-directional causal estimates
between each LTC pair (i.e., 2*2485). We will look to incorporate this
approach as future work.

This present work focused on individuals of European descent, mostly
because of data availability, and analyses are needed in other ethnic groups,
as it is known that both BMI distribution and its effect on LTCs may vary
depending on ethnicity49,50. It is important to note that the relative paucity ofT
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data from people of non-European ancestry has a disproportionately large
effect on the utility of genetics for multimorbidity, because missing data
from only one condition will affect multiple pairs.

Conclusion
Our work presents a clear, logical pathway for interrogating LTC pairs that
are genetically correlated, finding pairs whose genetic correlation changes
dramatically when adjusting for the genetics of a risk factor, and then using
Mendelian randomisation to further test for and quantify causal relation-
ships.Mendelian randomisation isnot, however, apanacea. It shouldbepart
of a broader suite of analyses, as we have done here, because it is fallible.
Given the large number of genome-wide significant SNPs available for our
chosen risk factors (BMI and WHR), our MR analyses are not affected by
weak instrument bias, but genetic pleiotropy51 (variants affecting the LTC
outcome through pathways other than BMI or WHR) is a real possibility.
Finally, ourMR-estimates rely on a singlemeasurement of the exposure and
therefore estimate average effects across a person’s adult lifetime. Future
work based on longitudinal study data52, with multiple measures of BMI
across the life course,wouldprovide a richer basis for understanding the role
of obesity on long-term disease using traditional methods and Mendelian
randomisation.

Data availability
GWAS summary statistics from the GEMINI consortium are available on
Zenodo (https://doi.org/10.5281/zenodo.14284046). GWAS summary sta-
tistics for BMI and WHR were downloaded from the “GIANT” website
(https://giant-consortium.web.broadinstitute.org/GIANT_consortium_
data_files). Source data for Fig. 2 can be found in Supplementary Data 1.
Sourcedata for Figs. 3–5 canbe found in SupplementaryData 2. Source data
for Fig. 6 can be found in SupplementaryData 2 and SupplementaryData 3.
Source data for Fig. 7 can be found in Supplementary Data 2 and Supple-
mentary Data 7.

Code availability
Wehave released the ‘partialLDSC‘method as an Rpackage (https://github.
com/GEMINI-multimorbidity/partialLDSC, https://doi.org/10.5281/
zenodo.12721532). We used v0.1.1 in this manuscript. We have made the
main analysis scripts to perform the partialLDSC analysis, perform the
bGWAS adjustment, and perform the MR analyses available in the fol-
lowing public GitHub repository: https://github.com/GEMINI-
multimorbidity/Mounier2025_BMI_attenuation (this repository is
archived on Zenodo https://doi.org/10.5281/zenodo.17725332)53.
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