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Abstract

Background Multimorbidity, typically defined as having two or more long-term health conditions, is associated
with reduced wellbeing and life expectancy. Understanding the determinants of multimorbidity, including whether
they are causal, may help with the design and prioritisation of prevention interventions. This study seeks to assess the
causality of education, BMI, smoking and alcohol as determinants of multimorbidity, and the degree to which BM,
smoking and alcohol mediate differences in multimorbidity by level of education.

Methods Participants were 181,214 females and 155,677 males, mean ages 56.7 and 57.1 years respectively, from
UK Biobank. We used a Mendelian randomization design; an approach that uses genetic variants as instrumental
variables to interrogate causality.

Results The prevalence of multimorbidity was 55.1%. Mendelian randomization suggests that lower education,
higher BMI and higher levels of smoking causally increase the risk of multimorbidity. For example, one standard
deviation (equivalent to 5.1 years) increase in genetically-predicted years of education decreases the risk of
multimorbidity by 9.0% (95% CI: 6.5 to 11.4%). A 5 kg/m? increase in genetically-predicted BMI increases the risk
of multimorbidity by 9.2% (95% Cl: 8.1 to 10.3%) and a one SD higher lifetime smoking index increases the risk
of multimorbidity by 6.8% (95% Cl: 3.3 to 10.4%). Evidence for a causal effect of genetically-predicted alcohol
consumption on multimorbidity was less strong; an increase of 5 units of alcohol per week increases the risk

of multimorbidity by 1.3% (95% Cl: 0.2 to 2.5%). The proportions of the association between education and
multimorbidity explained by BMI and smoking are 20.4% and 17.6% respectively. Collectively, BMI and smoking
account for 31.8% of the educational inequality in multimorbidity.

Conclusions Education, BMI, smoking and alcohol consumption are intervenable causal risk factors for
multimorbidity. Furthermore, BMI and lifetime smoking make a considerable contribution to the generation of
educational inequalities in multimorbidity. Public health interventions that improve population-wide levels of these
risk factors are likely to reduce multimorbidity and inequalities in its occurrence.
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Background

Multimorbidity, defined as patients living with two
or more chronic health conditions, is associated with
reduced quality of life and life expectancy [1]. The age-
ing population is driving an increase in the prevalence
of multimorbidity, which already affects approximately
one in four of the population in the UK and USA [2, 3].
Identifying the main reversible causes of multimorbidity
could inform the design of preventative strategies, help-
ing to improve quality of life for patients and reduce the
economic impact of multimorbidity.

There are considerable inequalities in multimorbidity.
People from more deprived backgrounds are more likely
to be multimorbid, and more likely to develop multimor-
bidity at an earlier age. For example, a study covering one
third of the Scottish population found that young and
middle-aged adults over 30 years in the most deprived
areas had comparable sex-specific rates of multimorbid-
ity to those in the least deprived areas who were 10-15
years older [2]. Other risk factors have been postulated
for multimorbidity, including alcohol, smoking and BMI
[4]. Given the social patterning of these exposures, how-
ever, associations are likely to be highly confounded
and establishing causality is challenging. In addition,
the association of education and multimorbidity may be
mediated by these risk factors [5].

Mendelian Randomisation (MR) uses genetic variants
in non-experimental (observational) data to make causal
inference. MR is an instrumental variable (IV) analy-
sis implemented using genetic variants robustly asso-
ciated with an exposure to estimate the causal effect of
the exposure on an outcome less prone to confounding
and reverse causation bias [6]. For an introduction to MR
analysis see [7]. In brief, IV analyses use another vari-
able to proxy the exposure of interest. This ‘instrument’ is
chosen because it meets strict statistical criteria and the
IV estimate of the exposure-outcome association is much
less likely to be biased. More recently, the MR arena
has undergone rapid development [8], with new meth-
ods available to assess causality for both mediation (the
causal pathways linking an exposure to an outcome) [9]
and effect modification (the study of whether one expo-
sure alters the effect of another) [10]. Commonly, the
genetic instrument used is a polygenic risk score (PRS)
for the exposure derived by weighting each SNP by the
regression coefficients from the discovery genome-wide
association study.

In this paper, our aim is to use MR to evaluate the
causal effects of BMI, smoking, alcohol intake and years
of education on multimorbidity. Further, we evaluate the
degree to which BMI, smoking, and alcohol consump-
tion explain educational inequalities in multimorbidity,
and we consider whether the risk factors interact with
one another in their effects on multimorbidity. To our
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knowledge, this is the first study to date to interrogate
the causality of observed determinants of multimorbidity,
and to study the mechanisms linking education to multi-
morbidity using an approach that is robust to confound-
ing and reverse causality.

Methods

Data

UK Biobank is a population-based health research
resource consisting of approximately 500,000 people,
aged between 38 years and 73 years, who were recruited
between the years 2006 and 2010 from across the UK
[11]. Particularly focused on identifying determinants
of human diseases in middle-aged and older individu-
als, participants provided a range of information (such as
demographics, health status, lifestyle measures, cognitive
testing, personality self-report, and physical and men-
tal health measures) via questionnaires and interviews;
anthropometric measures, blood pressure readings and
samples of blood, urine and saliva were also taken (data
available at www.ukbiobank.ac.uk). A full description of
the study design, participants and quality control (QC)
methods have been described in detail previously [12].
UK Biobank received ethical approval from the Research
Ethics Committee (REC reference for UK Biobank is 11/
NW/0382).

Exposures were all assessed at the baseline research
assessment. We followed a published approach [13] for
inferring years of education from highest achieved quali-
fication (see Supplement for further detail). Body Mass
Index (BMI) in kg/m? was calculated using height and
weight measurements. We derived a lifetime smoking
index, representing a continuous score of smoking behav-
iours and incorporating smoking initiation, duration,
heaviness, and cessation, using a previously published
approach [14, 15]. (This approach was used because life-
time smoking scores incorporate heaviness but are appli-
cable to both smokers and non-smokers.) Following the
approach used in a previous Genome-Wide Association
Study (GWAS) [16], we derived estimated units of alco-
hol consumed per week. We used responses to the base-
line touchscreen questionnaire on weekly red wine, white
wine and champagne, beer and cider, fortified wine, spirit
and other consumption to estimate the typical units of
alcohol consumed per week. Former drinkers (those
who previously drank alcohol but no longer do) were set
to missing and excluded from analyses because treating
them as non-drinkers would be inappropriate and data
on their previous alcohol consumption was unavailable.
Similarly, we excluded individuals with very high current
alcohol consumption (>200 units per week). Respond-
ers who indicated they were never-drinkers were set to 0
units per week.
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Our primary outcome was the standard definition of
multimorbidity, the presence of two or more chronic
conditions. Three additional multimorbidity measures
were used in secondary analyses; the presence of 3+and
4+ conditions, and the Cambridge multimorbidity score
(CMMS) with general-outcome weights [17]. This gen-
eral CMMS is a continuous measure, with conditions
weighted according to the average standardised weights
from models of consultations, mortality and emergency
admissions. For all measures of multimorbidity, the pres-
ence or absence of 35 health conditions were considered
as per Payne et al. [17] (see Condition Definitions table,
Supplement). Blindness/low vision and learning disability
were excluded from the original condition list owing to
the lack of appropriate self-reported variables. In contrast
to the condition definitions applied by Payne et al [17].,
which included temporal restrictions and use of medi-
cations, our definitions were simplified to self-reported
‘ever’ having had a condition with the exception of cancer
(self-reported doctor diagnosed new cancer estimated to
be within the last 5 years, excluding non-melanoma skin
cancer), hearing loss, constipation and painful condition
(see supplement for full details). The information was
obtained via a touchscreen questionnaire which was fol-
lowed by a nurse-led interview to clarify and categorise
conditions correctly. We derived each measure of multi-
morbidity twice, including and excluding alcohol prob-
lems in the definition, because alcohol consumption was
included as an exposure or mediator in certain models.
(We used the multimorbidity outcomes excluding alco-
hol for all models that included alcohol as an exposure/
mediator.) We used the CPRD @ Cambridge — code lists
(GOLD) Version 1.1 (Cambridge, UK; University of Cam-
bridge, 2018) as a point of reference when assigning vari-
ables to condition categories, available here: https://www.
phpc.cam.ac.uk/pcu/research/research-groups/crmh/
cprd_cam/codelists/v11/ [downloaded May 2020].

Genetic data: Details of the in-house quality control fil-
tering applied to the genetic data are provided in the sup-
plement. Quality Control filtering of the UK Biobank data
was conducted by R.Mitchell, G.Hemani, T.Dudding,
L.Corbin, S.Harrison, L.Paternoster as described in the
published protocol (doi: https://doi.org/10.5523/bris.1ov
aau5sxunp2cv8rcy88688v) [18].

Statistical methods

Participants were included in our analysis if they had
complete data (outcome, covariates, polygenic risk score
and exposure) for at least one exposure, they were of
white British ancestry (to avoid confounding by popu-
lation stratification) and they passed genetic QC crite-
ria (see Supplement: Quality Control of Genetic Data).
Related individuals were included in the GWAS (where
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relatedness was accounted for) but excluded from subse-
quent regression analyses. For analyses including alcohol
consumption, former drinkers were removed from anal-
yses because we were unable to consider the timing of
stopping alcohol consumption in relation to the develop-
ment of multimorbidity. In addition, former drinkers may
be violating their genetic trajectory (for example, they
may be genetically predisposed to be heavier drinkers).
All analyses were conducted using both standard regres-
sion models (with no instrumental variable), and using
MR. The study design was cross-sectional cohort.

Multivariable regression analyses were used to assess
the association between each exposure and each mea-
sure of multimorbidity (2+conditions, 3+ conditions,
4+ conditions and the CMMS). Linear, rather than logis-
tic, regression was used for all regression models so that
the estimates were on the same scale as the MR estimates
and represented risk differences. All multivariable regres-
sions were run with robust standard errors and adjusted
for age, sex, 40 genetic principal components and UKBB
assessment centre.

Mendelian randomization (MR) uses genetic variants
known to be robustly related to the exposure of interest
as instrumental variables. MR analyses were run via two-
stage least squares using ivreg2 [19] in Stata [20] with
the “robust” option specified (to enforce robust stan-
dard errors). For all MR analyses, we used a ‘split sample’
approach to avoid sample overlap with published GWASs
(which can bias estimates [21]) and to implement uni-
form methodology across exposures. This involved split-
ting the UK Biobank sample into two halves randomly.
Within each half, we ran a GWAS (using BOLT-LMM
[22] and the MRC IEU UK Biobank GWAS pipeline
https://doi.org/10.5523/bris.pnoat8cxo0u52p6ynfaekeigi)
to identify genetic variants related to each of the four
exposures, adjusting for age at baseline clinic, sex and
40 genetic principal components (to account for popula-
tion structure). All SNPs with a p-value less than or equal
to 5x107% were used to derive a polygenic risk score
(PRS) for each exposure in the alternative split weighted
by the regression coefficients from the GWAS. Clump-
ing was performed at an R? threshold of 0.001 within a
10,000 kb window, and proxies were identified using
the European sub-sample of the 1000 Genomes as a ref-
erence panel [23] and a lower R? limit of 0.8. The PRSs
were standardised by subtracting the mean and dividing
by the standard deviation. The PRSs defined based on the
GWAS from one half of the UKBB sample were applied
in MR analyses of the other half of the UKBB sample. MR
analyses were run using two-stage least squares [19] and
were adjusted for age, sex, 40 genetic principal compo-
nents and UKBB assessment centre. The beta coefficients
and standard errors from MR analyses within each half of
the sample were then meta-analysed to give one estimate
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for beta, a 95% confidence interval, and an I? estimate as
an indication of heterogeneity between the estimates in
each split [24, 25]. Fixed-effects meta-analyses were per-
formed using the metan command [26] in Stata. Analy-
ses were scaled such that coefficients represented an SD
change in education (equivalent to 5.1 years), a 5 kg/m?
increase in BMI, a 5 units per week increase in alcohol
consumption, and an SD unit increase in lifetime smok-
ing index. (As an example, a 1 SD increase in lifetime
smoking is roughly the same as being a current smoker
who has smoked 5 cigarettes per day for 12 years, rather
than a never smoker.)

Sensitivity analyses [27] to test the assumption of no
pleiotropy in MR analysis were run for the main out-
come (at least two chronic conditions) (MR Egger [28],
IVW [29], simple modal estimator [30] and unweighted
median estimator [31]).

BMI, smoking, and alcohol consumption are all poten-
tial consequences of educational attainment, possibly
lying on the causal pathway between education and mul-
timorbidity and explaining part of the effect and thus
are considered as potential mediators of the education-
multimorbidity relationship. Mediation of the associa-
tion between years of education and multimorbidity was
assessed by including each potential mediator (BMI,
smoking, and alcohol consumption) in turn as a covari-
ate in a linear regression of multimorbidity on years of
education. The joint contribution of the BMI and smok-
ing mediators was assessed by including both variables
as covariates. Similarly, in MR analyses, mediation was
assessed by including both years of education and (a)
each mediator in turn, and (b) both smoking and BMI
mediators as exposures in a multivariable MR analy-
sis [32, 33]. The coeficients for years of education from
these regressions and multivariable MR models estimate
the ‘direct effect’; i.e. the effect of years of education
on multimorbidity that operates independently of the
mediator(s) being considered. The ‘indirect effect; i.e. the
effect of years of education on multimorbidity that oper-
ates through the mediator(s) is estimated by subtracting
the direct effect from the total effect (the coefficient for
years of education from a regression on multimorbidity
not accounting for any mediators). The proportion medi-
ated is calculated as the indirect effect divided by the
total effect, multiplied by 100 to express as a percentage.
95% confidence intervals of the indirect effects and pro-
portions mediated were calculated using Stata’s -boot-
strap- command and 200 repeats. MR analyses used the
same ‘split sample’ approach as the main analysis. For
mediation analyses, we restricted analyses to two defini-
tions of multimorbidity — the main outcome variable of
two or more chronic conditions, and the CMMS, which,
as a continuous variable, offers greatest statistical power.

Page 4 of 11

Additive interaction effects between each pairwise
exposure combination were assessed in multivariable
linear regressions by including the product term. For
MR analyses, we used a previously published approach
to assessing interactions [10]; for two exposures, A and
B, the instruments used in the multivariable MR model
are PRS exposure A, PRS exposure B, PRS exposure A x
PRS exposure B, and PRS exposure A x PRS exposure A.
The last instrument was included as this has been shown
to be necessary in the presence of a causal effect of one
exposure on the other [10]. Our assumptions regard-
ing the causal ordering of the risk factors, and hence the
instruments used, are provided in the Supplement. In
both multivariable regression and MR models, interac-
tive effects were only estimated for the outcomes of mul-
timorbidity status (2+conditions) and the CMMS.

As a sensitivity analysis we re-ran the main observa-
tional regressions with multimorbidity status defined as
2+conditions using logistic regression (as opposed to
linear regression). We used gformula [34] to estimate the
proportion mediated and indirect effects which allows
for a binary outcome.

Analyses were run using Stata version 16 [20] and R
version 3.6.1 [35]. Stata packages used in this analysis
include rsource [36], ivreg2 [19] and mrrobust [27]. R
packages used include reshape [37], data.Table [38], plyr
[39], dplyr [40], R.utils [41] and devtools [42].

Testing the assumptions of MR

We performed sensitivity analyses to test the MR
assumption of no pleiotropy. We did not examine the
association of the PRSs with potential confounders for
several reasons. Firstly, when the exposure is education,
plausible confounders would be early-life and intergener-
ational factors, for which data are not available. When the
exposure is BMI, smoking or alcohol consumption, the
most plausible confounder is education. However, MR
studies [43, 44] have shown effects of these risk factors on
education, and thus testing for an absence of association
of these PRSs with education is not a reasonable test for
the assumptions of MR in this instance.

Results

336,891 individuals (67% of original sample) were
included in the analysis (after removal of withdraw-
als, those failing genetic QC/without genetic data, those
without phenotype data and related individuals). In the
final sample the mean age was 56.9 years (IQR 51-63
years), of whom 53.8% were female (Table 1). 55.1% of
the participants had a history of at least 2 chronic con-
ditions at baseline. 12.6% of individuals had at least 4
chronic conditions. The most common conditions overall
were hearing loss (37%), anxiety & other neurotic, stress
related & somatoform disorders OR depression (35%)
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Multivariable regression versus MR

Exposure

RD (95% Cl)

1 8D of years of education 333765 MVR - -0.026 (-0.028, -0.024)
1 8D of years of education 333765 MR —_— -0.090 (-0.114, -0.065)
T T T T T T T
-12 -1 -08 -06 -04 -02 0
Exposure N RD (95% CI)
5 BMI units (kg/m2) 335812 MVR co 0.081 (0.079, 0.083)
5 BMI units (kg/m2) 335812 MR ——— 0.092 (0.081, 0.103)
18D of CSI 335727 MVR e 0.048 (0.046, 0.050)
1 SD of CSI 335727 MR 0.068 (0.033, 0.104)
5 alcohol units/week 252517 MVR . 0.004 (0.003, 0.004)
5 alcohol units/week 252517 MR —— 0.013 (0.002, 0.025)
T T T T T
0 .02 .04 .06 .08 1

Fig. 1 Multivariable regression (MVR) and Mendelian Randomization (MR) results for the causal effect (Risk Difference, RD) of each exposure on multi-

morbidity status (2 + chronic conditions)

Proportion of education-2+ conditions association mediated

Mediators N

PM (95% Cl)

BMI 332707 MVR b 0.28 (0.26, 0.31)
BMI 332707 MR " 0.20(0.12, 0.29)
Lifetime smoking 332689 MVR e 0.25(0.23, 0.27)
Lifetime smoking 332689 MR 0.18 (0.00, 0.35)
BMI & Lifetime smoking 331642 MVR p——— 0.51(0.47, 0.55)
BMI & Lifetime smoking 331642 MR 0.32(0.12, 0.52)

T T T T T T T T T T T

-2 = [} A 2 3 4 5 6 7 8 9

Fig. 2 Mediation of the educational inequality in multimorbidity (2 +chronic conditions) by BMI, lifetime smoking index, and BMI and lifetime smoking
index combined. Analyses conducted using multivariable regression (MVR) and Mendelian randomization (MR). Estimate presented is the Proportion

Mediated (PM)

MR estimate for the proportion mediated by alcohol con-
sumption because of inconsistent mediation, i.e. direct
effect greater than the total effect, in one of the dataset
splits (Supplementary Table 3).

Interactions between risk factors for multimorbidity

Multivariable regression analyses to evaluate the interac-
tive effect of pairwise combinations of the exposures on
the risk of having at least 2 chronic conditions (Table 2)
suggest that there are interactions between some of
the risk factors, namely BMI*smoking, BMI*alcohol,
smoking*alcohol, and smoking*education. However, the
magnitude of all interaction effects was small. Analo-
gous MR analyses of these interactive effects gave point

estimates that were larger in magnitude than the esti-
mates from multivariable regression, with the direction
being consistent for 3/6 of the pairwise combinations,
but the interactions were imprecisely estimated, with
wide confidence intervals that crossed the null for all
interaction effects.

Sensitivity analyses

Secondary analyses using alternative definitions of multi-
morbidity yielded a similar pattern of results for the asso-
ciations of years of education, BMI, smoking, and alcohol
consumption with multimorbidity (Supplementary
Tables 1, 2) and for mediation of the educational inequal-
ity in the CMMS (Supplementary Table 3). Similar to the
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main outcome, MR confidence intervals for all interac-
tion terms were wide when analyses were repeated with
CMMS as the outcome and the direction of effect was
consistent with multivariate regression for 2/6 pairwise
combinations (Supplementary Table 4). In multivari-
ate regression analyses, the direction of the interactive
effect of smoking and education on the CMMS was in the
opposite direction compared with the main outcome.

Sensitivity analyses to test the assumption in the main
MR analysis (outcome of 2+ conditions) of no pleiotropy
(Supplementary Table 5) revealed estimates that were
generally directionally consistent. The MR-egger con-
stant estimates suggest evidence for directional pleiot-
ropy for BMI and smoking.

The sensitivity analyses re-running the main obser-
vational regressions using logistic regression and the
mediation analysis using gformula [34] are presented in
Supplementary Tables 7 and 8. The single exposure logis-
tic regressions (Supplementary Table 7) revealed asso-
ciations in the same direction as the linear regression
analyses. The interaction analyses revealed that as with
the main analysis, any interactions were of very small
magnitude. The proportion of the education association
with multimorbidity mediated by the other exposures
when calculated by gformula which allows for a binary
outcome was strikingly similar for all mediators exam-
ined to the mediation analyses using linear regression
(Supplementary Table 8).

Discussion

This study has provided evidence for a causal effect of
lower educational attainment, higher BMI and higher
level of smoking on multimorbidity status. There was
also weak evidence for a causal effect of greater alcohol
consumption on risk of multimorbidity, although the
magnitude of effects was generally smaller than for the
other risk factors. In our analyses, one standard deviation
of years of education (equivalent to 5.1 additional years)
equates approximately to a 9% decrease in risk of mul-
timorbidity. For education, BMI, smoking, and alcohol
consumption, estimated effects on multimorbidity were
greater in MR analyses compared with multivariable
regression. However, confidence intervals for MR results
were wide and, with the exception of the coefficient for
education, spanned the point estimate from multivariable
regression models.

Our analysis suggests that 20% of educational inequal-
ity in multimorbidity is explained by BMI, and 32% is
jointly explained by BMI and smoking. This is slightly less
than the 51% of educational inequality in multimorbidity
explained by BMI and smoking in multivariable regres-
sion. However, 48—88% of the total effect of education on
multimorbidity remains unaccounted for by these risk
factors. We did not include alcohol in conjunction with
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the other potential mediators because neither multivari-
able nor MR analyses provided evidence that alcohol
consumption mediated the effect of education on mul-
timorbidity. Units consumed per week is also a crude
measure of alcohol consumption, which could partially
explain the lack of mediation by alcohol use. Looking
ahead we need to consider other explanatory mecha-
nisms, which are likely to be numerous, complex and
span multiple social, behavioural and biological domains.

While there may be interactions between various life-
style and anthropometric exposures on risk of multimor-
bidity, we could not provide evidence for these within a
causal framework possibly due to low power to detect
interactive effects. In multivariable analyses, where sta-
tistical power is greater than MR, interactions were gen-
erally of small magnitude, and were most often in the
opposite direction to the main effects of the risk factors
(i.e. the cumulative effect of having both risk factors was
generally less than would be predicted from their indi-
vidual effects), suggesting that interactions between the
risk factors we studied are not a major contributor to the
aetiology of multimorbidity.

A recent study [45] of over 400,000 GP-registered
adults in England concluded that over half of health ser-
vice utilisation is attributable to individuals with multi-
morbidity. Furthermore, the ageing population is leading
to an increase in the prevalence of multimorbidity over
time. Identifying the preventable causal determinants of
multimorbidity is thus paramount for easing the pressure
on health services. Our analysis suggests that population-
level interventions to reduce BMI and smoking would
likely lead to both a reduction in the occurrence of multi-
morbidity, and a reduction in educational inequalities in
multimorbidity.

A key strength of our study is the use of Mendelian ran-
domization to improve causal inference. In traditional
epidemiological study designs, confounding factors and
reverse causation can bias the estimated associations
between putative risk factors for multimorbidity. Further-
more, when analysing the mediating pathways explaining
educational inequalities in multimorbidity, measurement
error in the mediator can lead to an underestimate of the
contribution of mediating variables [46]. The use of MR
overcomes these limitations of previous analyses.

There is a body of work devoted to defining multimor-
bidity [2, 17, 45]. We explored three definitions of mul-
timorbidity increasing in severity from 2+to 4+chronic
conditions, in addition to a multimorbidity score, which
captures all available information as a continuum with
conditions weighted by the average standardised weights
from models of consultations, mortality and emer-
gency admissions. Findings were generally consistent
across these definitions. Nonetheless, our findings may
be driven by the prevalence of conditions feeding into
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the definition of multimorbidity. Multimorbidity is not
a single ‘entity’; for different patients the state of multi-
morbidity can represent diverse combinations of health
conditions. The most commonly reported health con-
ditions in this study were hearing loss (37%), anxiety &
other neurotic, stress related & somatoform disorders
OR depression (35%) and painful condition (29%). Thus,
our findings may represent established causal effects
of education, BMI [47], smoking, and alcohol on these
conditions (e.g. associations of obesity [48] and smok-
ing behaviour [49] with hearing loss have been previously
reported). Nonetheless, as these conditions underlie
many cases of multimorbidity, this does not detract from
the implications of our findings about the potential pub-
lic health and clinical impact of interventions to improve
population levels of these risk factors. Further work iden-
tifying distinct clusters of health conditions to explore
whether different ‘types’ of multimorbidity have distinct
aetiologies may be of interest.

Our study has several limitations. Firstly, the use of self-
reported health conditions may have led to misclassifica-
tion of multimorbidity status for some people. However,
self-reported data (unlike linked primary and secondary
care data) was available across the whole sample. Sec-
ondly, UK Biobank participants are known to be over-
selected from higher socio-economic categories [50],
and the use of genetic data in this analysis necessitated
restricting to people of white British ethnicity. This may
have led to underestimation of the effects of exposures
on multimorbidity, such that the effects we demonstrate
can be viewed as minimal likely causal effects in a pop-
ulation more representative of Great Britain as a whole.
Thirdly, with the exception of cancer, hearing loss, pain-
ful condition and constipation, we defined chronic condi-
tions based on self-reported ever having been diagnosed
by a doctor. In contrast, some studies [45] base their
definition on long-term “currently active” conditions,
making our definition less specific. However, our defini-
tion ensures that we can be as inclusive as possible with
regards to the conditions contributing to multimorbidity.
A further disadvantage of using condition history, rather
than active conditions, in the definition of multimorbid-
ity is that the multivariable regression analyses could be
subject to reverse causation bias. The MR analyses, how-
ever, should not be as the exposures and mediators here
are the “lifetime average” In addition, because the multi-
morbidity outcome is defined as past or current illness,
there is no temporal ordering of the exposure, media-
tor and outcome in the observational analyses. Again,
the MR analysis overcomes this. Fourthly, we excluded
former drinkers from analyses of alcohol because these
individuals are known to have worse health outcomes
than never drinkers and analysing them as non-drinkers
would be inappropriate. There is no suitable option for
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how to address the former drinker group; the available
data in UK Biobank does not permit detailed analysis of
prior drinking patterns or time-since stopping alcohol
consumption. However, this means that our conclusions
about the effects of alcohol on multimorbidity may not
extend to former drinkers. In addition, removal of former
drinkers reduced the sample size for these analyses and
hence the power to detect effects. Although we found
weak evidence of an effect of alcohol on multimorbidity,
the effect size was smaller than for the other risk factors.
This may at least partially reflect the complexity of defin-
ing alcohol use. Here we used a continuous measure of
units per week, but other measures such as binge drink-
ing may also be relevant for disease outcomes, particu-
larly in the context of educational attainment [51]. Our
analysis of current alcohol units consumed per week also
does not capture previously heavy but now light drinkers.
An additional study limitation is that our analyses assume
linear effects of the risk factors on multimorbidity; this
assumption may not hold for all relationships. In particu-
lar, there is evidence that BMI has a non-linear relation-
ship with mortality, albeit only in smokers [52]. Although
methods to investigate non-linear relationships are avail-
able, statistical power would be insufficient to combine
these methods with the multivariable MR approach used
in this paper. Importantly, although we checked where
possible that our analysis met the assumptions [8] of MR,
our conclusions rely on the validity of these assumptions.
Lastly, although multivariable regression analyses dem-
onstrated some interactions between risk factors, these
were not detected in MR analyses. This likely reflects
insufficient power to examine interactive effects within a
causal framework.

The results of this study suggest that education, BMI,
smoking, and, to a lesser degree, alcohol consumption, all
have causal effects on multimorbidity. Furthermore, BMI
and smoking explain approximately one third of the edu-
cational inequality in multimorbidity. In the UK, school
attendance is compulsory until age 18, and policies to
increase educational attendance would therefore focus
on increasing university participation. Such policies may
potentially influence multimorbidity risk. However, poli-
cies to mitigate the health disadvantage of low education
may be more realistic and within reach of public health,
thus motivating our study of the pathways explaining
educational inequality in multimorbidity. Interventions
to reduce population levels of BMI and smoking could
lead to reduced occurrence and reduced educational
inequalities in multimorbidity.
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