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Abstract 

Background Extensive evidence links higher body mass index (BMI) to higher odds of depression in people of Euro‑
pean ancestry. However, our understanding of the relationship across different settings and ancestries is limited. Here, 
we test the relationship between body composition and depression in people of East Asian ancestry.

Methods Multiple Mendelian randomisation (MR) methods were used to test the relationship between (a) BMI and 
(b) waist‑hip ratio (WHR) with depression. Firstly, we performed two‑sample MR using genetic summary statistics from 
a recent genome‑wide association study (GWAS) of depression (with 15,771 cases and 178,777 controls) in people of 
East Asian ancestry. We selected 838 single nucleotide polymorphisms (SNPs) correlated with BMI and 263 SNPs cor‑
related with WHR as genetic instrumental variables to estimate the causal effect of BMI and WHR on depression using 
the inverse‑variance weighted (IVW) method. We repeated these analyses stratifying by home location status: China 
versus UK or USA. Secondly, we performed one‑sample MR in the China Kadoorie Biobank (CKB) in 100,377 partici‑
pants. This allowed us to test the relationship separately in (a) males and females and (b) urban and rural dwellers. We 
also examined (c) the linearity of the BMI‑depression relationship.

Results Both MR analyses provided evidence that higher BMI was associated with lower odds of depression. For 
example, a genetically‑instrumented 1‑SD higher BMI in the CKB was associated with lower odds of depressive symp‑
toms [OR: 0.77, 95% CI: 0.63, 0.95]. There was evidence of differences according to place of residence. Using the IVW 
method, higher BMI was associated with lower odds of depression in people of East Asian ancestry living in China but 
there was no evidence for an association in people of East Asian ancestry living in the USA or UK. Furthermore, higher 
genetic BMI was associated with differential effects in urban and rural dwellers within China.
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Conclusions This study provides the first MR evidence for an inverse relationship between BMI and depression 
in people of East Asian ancestry. This contrasts with previous findings in European populations and therefore the 
public health response to obesity and depression is likely to need to differ based on sociocultural factors for exam‑
ple, ancestry and place of residence. This highlights the importance of setting‑specific causality when using genetic 
causal inference approaches and data from diverse populations to test hypotheses. This is especially important when 
the relationship tested is not purely biological and may involve sociocultural factors.

Keywords Mendelian randomisation, BMI, Depression, East Asian ancestry, Public health, Setting‑specific causality, 
Sociocultural factors

Background
Obesity and depression are global health challenges and 
leading causes of disease burden and disability, esti-
mated to cost the global economy billions of dollars per 
annum [1, 2]. Understanding the complex relationships 
between obesity and mental health outcomes is cru-
cial to facilitate public health and medical intervention 
planning. There is extensive evidence linking higher 
body mass index (BMI) to higher odds of depression 
in adult European ancestry populations [3]. Previous 
work, using the genetic approach of Mendelian Ran-
domisation (MR), by ourselves and others has provided 
some evidence for the causal role of higher BMI [4–8] 
and higher body fat percentage (BFP) [9] on depression 
in European populations.

However, our understanding of the relationship 
between obesity and depression in diverse popula-
tions is limited. The social patterning of body weight 
changes over the course of economic development; 
as a country’s wealth increases, obesity moves from 
being more common in higher socioeconomic groups 
to being associated with socioeconomic disadvan-
tage [10]. This is likely to reflect larger body size being 
regarded as a positive status symbol in some cultures 
[11–13]. Observational studies from people of East 
Asian ancestry have shown both positive and negative 
correlations between BMI and depression [14–16], but 
the study designs applied have not enabled causal infer-
ence. Ideally, evidence of causal effects comes from well 
conducted randomised trials. However, large-scale ran-
domised controlled trials (RCTs) cannot always be per-
formed because they can be costly, impractical or even 
unethical. One of the alternatives is to perform MR 
experiments that are similar to RCTs in terms of study 
design. MR uses genetic variation as a natural experi-
ment to investigate the causal relations between poten-
tially modifiable risk factors and health outcomes in 
observational data [17]. Understanding the relationship 
between obesity and depression in different sociocul-
tural contexts, using methods designed to avoid biases 
from confounding, such as MR, will provide important 
information about whether and how the relationship 

differs across cultural settings (‘setting-specific cau-
sality’) and therefore whether the appropriate public 
health response should also differ.

A recent genome-wide association study (GWAS), in 
people of East Asian ancestry, with 15,771 depression 
cases and 178,777 controls demonstrated an inverse 
genetic correlation between depression and body mass 
index (rg =  − 0.212, SE = 0.084) [18]. This is contrary 
to findings in European populations. Here, we aim to 
examine this relationship in more detail by using two 
complementary MR approaches to test the causal role of 
adiposity on depression.

We use two complementary MR approaches to test the 
causal role of adiposity, using BMI and WHR, on depres-
sion in people of East Asian ancestry. Firstly, we per-
form two-sample MR [19, 20] using the inverse-variance 
weighted (IVW) method. Further analyses include using 
meta-analysed results from people of East Asian ances-
try living in (a) East Asia (predominantly China) or (b) 
the UK or USA, allowing us to investigate the role of 
BMI and WHR with depression in people from the same 
ancestral group but residing in different cultural contexts. 
Secondly, we use one-sample MR approaches which draw 
on individual level data in the China Kadoorie Biobank 
(CKB). Individual level data in the CKB enables:

1. Testing effects in males and females separately, as 
previous studies have suggested sex-specific effects;

2. Testing further the role of cultural contexts, by com-
paring estimates in urban versus rural dwellers;

3. Testing non-linear relationships, as in Europeans 
there is some evidence that the relationship between 
adiposity and depression may not be linear, rather 
U- or J-shaped, where individuals with low BMI have 
higher odds of depression as well as individuals with 
higher BMI [21].

Methods
China Kadoorie Biobank (CKB)
The China Kadoorie Biobank (www. ckbio bank. org) is a 
study of 512,891 adults aged between 30 and 79 years at 

http://www.ckbiobank.org
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recruitment, with baseline data collected between 2004 
and 2008. The CKB has been described in detail else-
where [22], but briefly the baseline survey took place in 
ten geographically defined regions in China (5 urban, 
5 rural). Detailed questionnaire data, physical meas-
urements and blood samples were taken from all par-
ticipants. The participants agreed to have their health 
followed via linkages with clinical registries and health 
insurance databases. Genotyping data was exported from 
China to the Oxford CKB International Coordinating 
Centre under Data Export Approvals 2014–13 and 2015–
39 from the Office of Chinese Human Genetic Resource 
Administration. CKB analyses were conducted under 
project 2019–0003 as approved by the CKB Research 
Committee, using dataset DAR-2021–00,041 from data 
release 17.02.

Exposure and outcome measures in CKB
A) Body mass index (BMI)
Standing height was measured to the nearest 0.1  cm 
using a stadiometer and weight was measured using a 
bioelectrical impedance device (TANITA-TBF-300GS, 
Tanita Corp). BMI was calculated as weight (kg) divided 
by the square of standing height in metres  (m2). We also 
defined two binary variables to compare individuals with 
a normal BMI (measured BMI between 18.5 and 23.9 kg/
m2, n = 51,006), to individuals with (a) an overweight 
BMI (between 24 and 27.9 kg/m2, n = 33,106) and (b) an 
obese BMI (greater than 28 kg/m2, n = 11,243) as recom-
mended by the Working Group on Obesity in China [23–
25]. Participants with an underweight BMI (measured 
BMI less than 18.5 kg/  m2, n = 5219) were excluded from 
these binary measures.

B) Waist hip ratio (WHR)
Waist circumference (WC; measured from midway 
between the lowest rib and the iliac crest) and hip cir-
cumference (HC; measured at maximum circumference 
around the buttocks) were measured using a soft non-
stretchable tape. WHR was calculated as the ratio of WC 
to HC.

C) Depression
Several measures of depression were considered in this 
study. Firstly, we defined a broad depression episode. Par-
ticipants were asked “During the past 12  months, have 
you had a period of two or more weeks in which:

1. You felt much more sad, or depressed than usual?
2. You felt worthless and useless, that everything went 

wrong was your fault, or that life was very difficult 
and there was no way out?

3. You lost interest in most things like hobbies or activi-
ties that usually give you pleasure?

4. You felt so hopeless that you had no appetite to eat 
even your favourite food?”

Participants responding “yes” to one or more of the 
above questions were included as a depressive symptoms 
case. A total of 17,723 participants reported that they had 
experienced at least one of the above Composite Interna-
tional Diagnostic Interview (CIDI) trigger symptoms (i.e. 
feeling sad/depressed, loss of appetite, loss of interest or 
feeling worthless) and were categorised as having depres-
sive symptoms in our analyses. Amongst genotyped par-
ticipants, we defined 3398 cases and 96,979 controls.

A major depression episode was defined using the Chi-
nese version of the Composite International Diagnostic 
Interview-short form (CIDI-SF), a diagnostic instrument 
based on criteria from the Diagnostic and Statistical 
Manual of Mental Disorders-IV (DSM-IV) [26]. Major 
depression was defined by the presence of depressive 
symptoms with the addition of at least 3 of the  7 fol-
lowing symptoms from the CIDI-SF, including weight 
or appetite changes, sleeping problems, psychomotor 
changes, fatigue, concentration problems, feelings of guilt 
or worthlessness and thoughts of suicide. We defined 760 
cases and 96,979 controls.

Data analysis
Observational associations
The association of BMI and WHR against depression was 
tested using logistic regression models. All models were 
adjusted for age at baseline, sex and region; additional 
models were also adjusted for socioeconomic status (SES, 
see Additional file 1 for details) and smoking status. We 
also repeated our observational analyses using the binary 
BMI variables.

Two‑sample Mendelian randomisation using depression 
GWAS summary statistics in people of East Asian Ancestry
Two-sample MR analysis was used to estimate the causal 
relationship between BMI and WHR with the risk of 
depression. Details on identification of SNPs used as 
genetic instruments are shown in Additional file  2: 
Table S1. We identified 941 SNPs for BMI [27] and 316 
SNPs for WHR [28] from the GIANT (Genetic Investi-
gation of Anthropometric Traits) and UK Biobank com-
bined. Since some SNPs for BMI and WHR were not 
available in CKB, we excluded them from our analyses 
(n = 103, n = 53, respectively).

Genetic variants
The genotyping and quality control of the summary sta-
tistics used have previously been described [18].
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First, we extracted 838 BMI variants and 263 WHR 
variants (Additional file  2: Table  S1) from five depres-
sion meta-analyses [18] to estimate the association with 
the exposure-trait-SNP. These included:

• The broad discovery analyses (15,771 cases and 
178,777 controls);

• The clinical depression analyses (8223 cases and 
85,370 controls), where cases were likely to fulfil 
DSM criteria for major depressive disorder or have 
a depressive disorder diagnosis in medical records;

• The symptom-based analyses (6124 cases and 
73,095 controls);

• Resident in East Asia (12,027 cases and 83,727 con-
trols);

• Resident in Western countries (UK or USA) (3744 
cases and 95,050 controls).

Full details can be found in Supplementary Table 1 of 
Giannakopoulou et al. [18].

The instrument strength, as measured using the 
median F statistic, was 43.71 and 15.56 for BMI and 
WHR, respectively. Four two-sample MR methods were 
performed using a custom pipeline: inverse-variance 
weighting (IVW); MR-Egger [19]; weighted median 
(WM) [20]; penalised weighted median (PWM) [20]. 
Results from the IVW approach are presented as our 
main analysis method, with MR-Egger, WM and PWM 
representing sensitivity analyses that account for uni-
dentified pleiotropy, which may bias our results. If 
the genetic variants related to the exposure of interest 
independently influence the outcome, then horizon-
tal pleiotropy occurs. The IVW method assumes there 
is either no horizontal pleiotropy under a fixed effects 
model or, if using a random effects model after detect-
ing heterogeneity amongst the causal estimates, that 
the strength of the association between the genetic 
instruments and the exposure is not correlated with 
the magnitude of the pleiotropic effects (the InSIDE 
assumption) and that the pleiotropic effects have an 
average value of zero. An assumption of the weighted 
median method is that at least 50% of the weight in the 
analysis stems from variants that are valid instruments. 
MR-Egger can provide unbiased estimates even when 
all SNPs violate the exclusion restriction assumption 
(i.e. they affect the outcome by means other than via 
the risk factor of interest). However, to use MR-Egger 
there must be negligible measurement error (NOME) 
in the genetic instrument and the Instrument Strength 
Independent of Direct Effect (InSIDE) assumption must 
be satisfied.

Results from MR analyses represent a valid causal effect 
estimate under the condition of four core assumptions:

1. The genetic instrument needs to robustly associate 
with the exposure (‘relevance’);

2. There should be no joint causal influence affecting 
the exposure instrument and the outcome (‘inde-
pendence’);

3. The instrument must not affect the outcome through 
any mechanism other than through the exposure 
(‘exclusion restriction’);

4. The true relationship between the exposure and out-
come in each specific analysis is correctly modelled.

An example where assumption 4 would be violated is if 
a linear relationship between the exposure and outcome 
in the model was assumed, implying a constant causal 
effect across all levels of the exposure, but in fact the true 
relationship was non-linear. We aimed to test the lin-
earity assumption by additionally fitting quadratic causal 
effect models in our one-sample MR analysis.

We have reported all findings at P < 0.05 as tentative 
evidence of a relationship and used a more stringent 
threshold of P < 0.025 to account for multiple testing. 
We selected two groups for multiple testing based on 
WHR versus BMI. Other analyses are highly correlated 
and therefore correcting for more groups would be too 
stringent.

Sensitivity analyses
We performed several two-sample MR sensitivity analy-
ses. Firstly, we ran the analyses using 80 BMI variants 
identified in the Japanese GWAS of BMI (Additional 
file 2: Table S1) [29]. The instrument strength, as meas-
ured using the median F statistic, was 43.34. Secondly, we 
excluded SNPs where the trait raising allele in people of 
European ancestry was different to the trait raising allele 
in people of East Asian ancestry. Thirdly, we excluded 
any SNPs with a minor allele frequency in people of East 
Asian ancestry greater than 0.45 and less than 0.55 to 
ensure that our findings were consistent in case of a har-
monisation error due to MAF close to 0.50 (n = 113 for 
BMI, n = 27 for WHR). Finally, we removed a variant in 
the MC4R gene (rs2229616) due to the potential strong 
influence of this SNP on both obesity and depression 
[30]. The number of SNPs remaining in these sensitivity 
analyses can be found in Additional file 2: Tables S2-S4.

One‑sample MR analysis in the CKB
The BMI and WHR variants that reached P < 1 ×  10−8 
in a European ancestry GWAS [27, 28] were extracted 
from the imputed CKB data. Variants were then coded 
based on the trait raising allele in CKB (Additional file 2: 
Table  S1), this was assessed in each sex by regressing 
rank-inverse normal transformed (RINT) BMI and WHR 
against the corresponding set of variants in a multivariate 
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model. When the trait increasing allele differed between 
males and females, the sex in which the effect size was 
largest was used to code the effect allele in both sexes. 
In a subset of unrelated CKB participants with valid 
genetic data (n = 72,698), the variants were regressed 
against BMI and WHR in males and females separately, 
with adjustment for 12 national principal components, to 
derive weights for genetic risk score (GRS) construction. 
To weight the variants in the unrelated subset of individ-
uals, these were split into 100 randomly selected blocks, 
which were then iteratively removed from the multi-
variate regression and estimated effect sizes applied as 
weights to the individuals excluded from the regression. 
These weights were used to create GRSs in CKB. Multi-
allelic variants or variants with a MAF < 0.01 in CKB 
(n = 102) were excluded from GRS generation. Similarly, 
to the two-sample analyses, we have reported all find-
ings at P < 0.05 as tentative evidence of a relationship. A 
more stringent threshold of P < 0.013 was used to account 
for multiple testing. We selected four groups for multi-
ple testing based on WHR versus BMI and rural versus 
urban. All of our analyses are highly correlated and there-
fore correcting for more groups would be too stringent.

Genetic variants
Genotyping was conducted using a custom made 800 K 
single nucleotide variation array (Axiom, Affymetrix) 
with imputation to 1000 Genomes Phase 3. Genotype 
data were available for 100,574 individuals whose sam-
ples passed quality control (call rate > 99.97% across all 
variants).

We employed the two-stage least-squares regression 
estimator [31] method which uses predicted levels of 
BMI/WHR per genotype and regresses the depression 
outcome against these predicted values. First, we calcu-
lated the association between the BMI or WHR GRS and 
BMI or WHR, respectively. These predicted values were 
then used as the independent variable and depression as 
the dependent variable in a logistic regression model. The 
analyses were performed by region using region-specific 
principal components and stratified by sex. The resulting 
estimates and standard errors were then meta-analysed 
using a fixed effects model to provide estimates for urban 
and rural dwellers and all individuals. The heterogeneity 
of the estimates was assessed using the I2 statistic.

Sensitivity analyses
We repeated our analyses using a more clinically relevant 
measure of depression (major depression) defined using 
the CIDI-SF (760 cases and 96,979 controls). Further, 
we meta-analysed the region-specific estimates exclud-
ing regions with less than 1% prevalence of depressive 
symptoms.

Non‑linear Mendelian randomisation
Here, we used advances in MR methodology [32] to test 
the non-linear relationship between BMI and depres-
sive symptoms in the CKB. We implemented a control 
function (CF) method. In the first stage, we regressed 
the instrumental variable (BMI GRS) on the exposure 
(BMI) whilst accounting for covariates in sex and region 
stratified analyses. In the second stage, the outcome 
(depressive symptoms) was regressed on the exposure 
(BMI), covariates and the residual of the first stage 
regression. The coefficients of the second stage were 
taken as the control function estimates. The residual of 
the first stage was used to account for unmeasured con-
founders. The control function method fits a quadratic 
model to the data and allows us to detect evidence of 
non-linearity between our exposure and outcome.

Results
The demographics of the 3398 individuals in the CKB 
with depressive symptoms and the 96,979 controls with 
valid genetic data are summarised in Table  1. Gener-
ally, individuals affected by depressive symptoms were 
younger, more likely to be female and to live in rural areas 
of China.

Within  the CKB, the BMI GRS was robustly associ-
ated with BMI, explaining 1.5% (F = 637.87) and 3.1% 
(F = 1815.94) of the variance in males and females, 
respectively. Similarly, the WHR GRS was robustly asso-
ciated with WHR explaining 0.4% (F = 191.74) of the 
variance in males and 0.9% (F = 516.41) of the variance in 
females. Within each region the BMI GRS was robustly 
associated with BMI (Additional file 2: Table S5), but the 
WHR GRS was not as robustly associated across the dif-
ferent regions. For example, in males from Qingdao, a 
unit higher BMI GRS was robustly associated with higher 
BMI [beta: 0.57, 95% confidence intervals (95% CI): 0.45, 
0.70], but the WHR GRS was not as robustly associated 
with higher WHR [beta: 0.25, 95% CI: 0.03, 0.47].

Observationally, higher adiposity was associated 
with lower odds of depressive symptoms in the CKB
Observationally,  higher BMI was associated with lower 
odds of depressive symptoms (Table  2). For example, 
a one-standard deviation  (1-SD) (3.50  kg/m2) higher 
BMI was associated with 0.88 [95% CI: 0.85, 0.91] lower 
odds of depressive symptoms in all individuals (Table 2, 
Fig.  1). The observational associations were consistent 
in males and females and when stratified by urban and 
rural regions (Table 2, Fig. 1). Adjusting the observational 
analyses for SES and smoking status slightly attenuated 
the effect estimates towards the null, but higher adiposity 
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remained inversely associated with depressive symptoms 
(Additional file 2: Table S6).

Using the binary obesity measure as the predictor in 
these models did not alter our findings. Observationally, 
overweight, and obese individuals were at 0.87 [95% CI: 
0.80, 0.94] and 0.84 [95% CI: 0.74, 0.95] lower odds of 
depressive symptoms respectively, than those of normal 
BMI (Additional file 2: Table S7).

Table 1 The demographics and lifestyle characteristics of 
individuals from the China Kadoorie Biobank with valid genetic 
data available

Demographic Depressed Not depressed Pa

N 3398 96,979

Mean age at recruitment 
(SD)

52.6 (10.6) 53.8 (11.0) 6.00E − 10

Female, N (%) 2228 (65.6) 55,215 (56.9)  < 1.00E − 15

Lives in urban region, N (%) 1080 (31.8) 42,800 (44.1)  < 1.00E − 15

Region, N (%)  < 1.00E − 15

Qingdao (Urban) 58 (1.7) 8201 (8.5)

Harbin (Urban) 460 (13.5) 12,637 (13.0)

Haikou (Urban) 103 (3.0) 5679 (5.9)

Suzhou (Urban) 298 (8.8) 7660 (7.9)

Liuzhou (Urban) 161 (4.7) 8623 (8.9)

Sichuan (Rural) 344 (10.1) 10,.248 (10.6)

Gansu (Rural) 371 (10.9) 9651 (10.0)

Henan (Rural) 573 (16.9) 10,782 (11.1)

Zhejiang (Rural) 575 (16.9) 11,452 (11.8)

Hunan (Rural) 455 (13.4) 12,046 (12.4)

Mean BMI (SD) 23.1 (3.5) 23.7 (3.5)  < 1.00E − 15

Mean WHR (SD) 0.87 (0.1) 0.88 (0.1) 5.60E − 15

Mean BFP (SD) 27.7 (8.7) 27.8 (8.7) 0.96

Sleep hours 7.00 (1.7) 7.39 (1.4)  < 1.00E − 15

Mean MET hours (physical 
activity metric) (SD)

6.25 (3.7) 6.02 (3.4) 2.00E − 04

Smoking status, N (%) 1.30E − 07

Never smoker 2191 (64.5) 57,995 (59.8)

Occasional smoker 196 (5.8) 5460 (5.6)

Former smoker 167 (4.9) 6742 (7.0)

Current smoker 844 (24.8) 26,782 (27.6)

Highest education, N (%)  < 1.00E − 15

No formal school 836 (24.6) 19,260 (19.9)

Primary school 1173 (34.5) 32,047 (33.1)

Middle school 877 (25.8) 26,001 (26.8)

High school 384 (11.3) 13,827 (14.3)

Technical school/college 88 (2.6) 3414 (3.5)

University 40 (1.2) 2430 (2.5)

Household income, N (%)  < 1.00E − 15

 < 2500 yuan 243 (7.2) 3670 (3.8)

2500–4999 403 (11.9) 7163 (7.4)

5000–9999 824 (24.3) 18,813 (19.4)

10,000–19,999 962 (28.3) 29,210 (30.1)

20,000–34,999 665 (19.6) 22,479 (23.2)

 >  = 35,000 301 (8.9) 15,644 (16.1)

Occupation, N (%) 0.02

Agriculture 1615 (47.5) 39,480 (40.7)

Factory 276 (8.1) 11,448 (11.8)

Administrative/manager 40 (1.2) 2286 (2.4)

Professional/technical 79 (2.3) 2740 (2.8)

Sales and service 160 (4.7) 4543 (4.7)

Retired 383 (11.3) 18,883 (19.5)

Pa Comparison of cases and controls using linear (for continuous) and logistic 
(for binary) regression models

Table 1 (continued)

Demographic Depressed Not depressed Pa

House husband/wife 549 (16.2) 11,027 (11.4)

Self employed 64 (1.9) 2402 (2.5)

Unemployed 156 (4.6) 2740 (2.8)

Other 76 (2.2) 1430 (1.5)

Marital status, N (%)  < 1.00E − 15

Married 2676 (78.8) 86,855 (89.6)

Widowed 558 (16.4) 7998 (8.3)

Divorced 120 (3.5) 1383 (1.4)

Never married 44 (1.3) 743 (0.8)

Has health cover N (%yes) 2423 (71.3) 76,532 (78.9)  < 1.00E − 15

Has own home N (%yes) 1374 (40.4) 41,450 (42.7) 7.60E − 03

Has private toilet N (%yes) 1467 (43.2) 49,196 (50.7)  < 1.00E − 15

Has motor vehicle N (%yes) 1586 (46.7) 46,387 (47.8) 0.18

Has own phone N (%yes) 2832 (83.3) 84,915 (87.6) 4.10E − 13

Recent holiday N (%yes) 212 (6.2) 9500 (9.8) 8.70E − 12

Satisfaction level, N (%)  < 1.00E − 15

Very satisfied 348 (10.2) 17,207 (17.7)

Satisfied 1145 (33.7) 49,521 (51.1)

Neither satisfied or unsatis-
fied

1192 (35.1) 26,600 (27.4)

Unsatisfied 624 (18.4) 3449 (3.6)

Very unsatisfied 89 (2.6) 202 (0.2)

Self‑rated health N (%)  < 1.00E − 15

Excellent 230 (6.8) 16,942 (17.5)

Good 624 (18.4) 26,525 (27.4)

Fair 1512 (44.5) 42,986 (44.3)

Poor 1032 (30.4) 10,526 (10.9)

Comparative health N (%)  < 1.00E − 15

Better 374 (11.0) 17,870 (18.4)

About the same 1619 (47.7) 60,289 (62.2)

Worse 1320 (38.9) 16,101 (16.6)

Do not know 85 (2.5) 2719 (2.8)

Loss of interest N (%) 1483 (43.6) 0

Feeling worthless N (%) 1021 (30.1) 0

Loss of appetite N (%) 860 (25.3) 0

Continuous anxiety N (%) 485 (2913) 0

Sad depressed N (%) 3233 (95.1) 0

Major depression N (%) 760 (100) 0
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Similar results were seen when WHR was considered, 
with a 1-SD higher WHR (an increase of 0.07) associated 
with 0.91 [95% CI: 0.88, 0.94] lower odds of depressive 
symptoms in all individuals (Table  2, Additional file  3: 
Fig. S1).

MR analyses provide evidence that higher BMI causes 
lower depression in people of East Asian ancestry
Two‑sample MR in people of East Asian ancestry using GWAS 
summary statistics
Two-sample MR provided evidence that higher geneti-
cally instrumented BMI was associated with lower odds 
of depression. The results were consistent for the broad 
discovery outcome and the clinical depression outcome, 
but not with the symptom-based measure of depres-
sion where the effect estimate was on the null (Fig.  2, 
Additional file  2: Table  S8). For example, using the 
clinical depression definition, a unit  higher genetically 

instrumented BMI was associated with and odds ratio for 
depression of 0.96 [95% CI: 0.93, 0.98].

Genetically instrumented WHR was associated with 
lower odds of both the broad and clinical depression 
outcomes, but the confidence intervals crossed the null 
(Fig. 2, Additional file 2: Table S8).

Results using more pleiotropy resistant methods were 
directionally consistent, but all confidence intervals 
crossed the null (Additional file  2: Table  S9). There was 
no strong evidence of horizontal pleiotropy with MR-
Egger (Additional file 2: Table S9).

One‑sample MR in the China Kadoorie Biobank
One-sample MR in 100,377 people of East Asian ances-
try provided evidence for a causal role of higher adipos-
ity in depressive symptoms (Table  2). In all individuals, 
a genetically-instrumented 1-SD higher BMI was associ-
ated with 0.81 [95% CI: 0.66, 0.99] lower odds of depres-
sive symptoms (Table 2, Fig. 2).

Table 2 The observational and genetic one‑sample associations between BMI and WHR with depressive symptoms in individuals with 
valid genetic data from the China Kadoorie Biobank

Pa adjusted for age, region, and sex

Pb adjusted for age, regional principal components, and chip

Psex comparison of male and female one-sample estimates using Fisher’s z-score method

Pregion comparison of urban and rural one-sample estimates using Fisher’s z-score method

Bold P values represent a significant (P < 0.05) difference when comparing the by sex or by region estimates

Bold P values reach P < 0.05 significance and bold italicised P values reach the multiple testing threshold P < 0.013

Observational Genetic

Instrument used Strata Region N cases (controls) OR (95% CI)  
per 1‑SD higher 
adiposity 
measure

Pa OR (95% CI)  
per 1‑SD higher 
adiposity 
measure

Pb Psex Pregion

BMI All Both 3398 (96,979) 0.88 (0.85, 0.91) 1.50E − 12 0.81 (0.66, 0.99) 0.042

Male Both 1170 (41,764) 0.83 (0.78, 0.88) 2.00E − 09 0.53 (0.35, 0.81) 3.00E − 03 0.024
Female Both 2228 (55,215) 0.90 (0.86, 0.94) 1.80E − 06 0.92 (0.73, 1.17) 0.508

All Urban only 1080 (42,800) 0.86 (0.81, 0.91) 2.20E − 06 1.10 (0.76, 1.59) 0.621 0.049
Male Urban only 326 (17,639) 0.84 (0.75, 0.94) 2.70E − 03 0.43 (0.19, 0.95) 0.037 9.24E − 03 0.542

Female Urban only 754 (25,161) 0.86 (0.79, 0.93) 7.90E − 05 1.42 (0.94, 2.16) 0.100 0.014
All Rural only 2318 (54,179) 0.90 (0.87, 0.94) 3.70E − 06 0.70 (0.55, 0.90) 5.00E − 03
Male Rural only 844 (24,125) 0.84 (0.78, 0.91) 8.00E − 06 0.57 (0.35, 0.94) 0.029 0.363

Female Rural only 1474 (30,054) 0.93 (0.88, 0.98) 6.90E − 03 0.75 (0.56, 1.00) 0.051

WHR All Both 3398 (96,979) 0.91 (0.88, 0.94) 4.30E − 07 0.74 (0.55, 1.00) 0.049

Male Both 1170 (41,764) 0.88 (0.83, 0.94) 3.90E − 05 0.66 (0.37, 1.18) 0.162 0.668

Female Both 2228 (55,215) 0.92 (0.88, 0.96) 1.10E − 04 0.77 (0.54, 1.10) 0.148

All Urban only 1080 (42,800) 0.87 (0.81, 0.93) 2.00E − 05 0.82 (0.48, 1.40) 0.460 0.656

Male Urban only 326 (17,639) 0.85 (0.75, 0.95) 4.40E − 03 0.45 (0.17, 1.16) 0.096 0.132 0.308

Female Urban only 754 (25,161) 0.86 (0.80, 0.93) 1.50E − 04 1.09 (0.57, 2.08) 0.806 0.216

All Rural only 2318 (54,179) 0.93 (0.89, 0.97) 1.70E − 03 0.71 (0.49, 1.02) 0.061

Male Rural only 844 (24,125) 0.89 (0.84, 0.96) 1.50E − 03 0.83 (0.40, 1.72) 0.624 0.597

Female Rural only 1474 (30,054) 0.95 (0.90, 1.00) 0.053 0.67 (0.44, 1.02) 0.059



Page 8 of 14O’Loughlin et al. BMC Medicine           (2023) 21:37 

Fig. 1 Forest plot of the observational and genetic associations between a 1‑SD higher BMI and the odds of depressive symptoms. The plots 
display the observational association and the genetic association using the two‑step instrumental variable analysis with the BMI genetic risk score 
(genetic one‑sample)

Fig. 2 Results of the two‑sample Mendelian randomisation analysis for the five meta‑analyses from the recent GWAS in people of East Asian 
ancestry using the inverse‑variant weighted method for A BMI and B WHR
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One-sample MR methods also provided casual evi-
dence that higher WHR was associated with lower odds 
of depressive symptoms. For example, a genetically-
determined 1-SD higher WHR was associated with 0.74 
[95% CI: 0.55, 1.00] lower odds of depressive symptoms 
in all individuals (Table 2, Additional file 3: Fig. S1).
Differential effects were observed when stratifying 
by international place of residence
Using the summary statistics from the five meta-analyses 
of depression, we were able to compare the relationship 
of higher BMI with depression in people of East Asian 
ancestry living in East Asia (predominantly China) with 
those of the same ancestry but dwelling in either the UK 
or the USA. Here, as with the main analyses, a geneti-
cally-instrumented unit higher BMI was associated with 
0.97 [95% CI: 0.94, 0.99] lower odds of depression in indi-
viduals living in East Asia. However, this was attenuated 
to the null in people of East Asian ancestry living in the 
UK and USA (Fig. 2, Additional file 2: Table S8).

The results were similar when instrumenting WHR, 
with higher genetic WHR associated with lower odds of 
depression in people of East Asian ancestry living in East 
Asia, but not in those who live in the UK or USA (Fig. 2, 
Additional file 2: Table S8).

Differential effects were observed when stratifying by sex 
and place of residence within China
We were able to test whether sex and place of residence 
altered the relationship between higher BMI and depres-
sive symptoms within China using data from the CKB.

Observationally, associations were consistent in males 
and females and when stratified by urban and rural 

regions, with higher BMI and higher WHR consistently 
associating with lower odds of depressive symptoms 
(Fig.  1, Table  2 and Additional file  2: Table  S6). Classi-
fying individuals as having a normal or obese BMI pro-
vided consistent results, with males and females with 
obesity at lower odds of depressive symptoms (OR:0.74, 
95% CI:0.58, 0.95 and OR:0.86, 95% CI:0.75, 1.00 respec-
tively; Additional file 2: Table S7).

One-sample MR methods demonstrated that 
the inverse relationship between BMI and depres-
sive symptoms was stronger in males than females 
(Psex = 0.024; Table  2, Fig.  1). Here, a genetically-
instrumented 1-SD higher BMI was associated with 
0.53 [95% CI: 0.35, 0.81] lower odds of depressive 
symptoms in males. In contrast, in females, there 
was no conclusive evidence of an inverse relationship 
between BMI and depressive symptoms (OR: 0.92, 95% 
CI: 0.73, 1.17; Table 2).

When comparing all individuals from urban and rural 
regions, genetic analyses suggested that higher BMI was 
associated with lower odds of depressive symptoms in 
rural regions only (Table 2, Fig. 1), with the overall esti-
mate for urban regions in the positive direction, although 
the confidence intervals crossed the null (OR: 1.10 
95%CI: 0.76, 1.59; Pregion = 0.049).

In urban regions, strong sex-specific effects were 
observed, with higher genetic BMI associated with lower 
odds of depressive symptoms in males only (OR: 0.43 
[95%CI: 0.19, 0.95]; Table  2, Fig.  1). In contrast, one-
sample  MR estimates from urban females were in the 
opposite direction (Psex = 0.009), with higher BMI associ-
ating with higher odds of depressive symptoms, although 

Fig. 3 The fitted NLMR regression estimates using a CF approach in A urban regions and B rural regions stratified by sex
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confidence intervals crossed the null (OR: 1.42, 95% CI: 
0.94, 2.16).

Further, there was evidence that higher BMI was caus-
ally associated with lower odds of depressive symptoms 
in all individuals from rural regions. A genetically-
determined 1-SD higher BMI was associated with 0.70 
[95% CI: 0.55, 0.90] lower odds of depressive symptoms 
(Table 2, Fig. 1). Estimates were consistent in both males 
(OR: 0.57, 95% CI: 0.35, 0.94) and females (OR: 0.75, 95% 
CI: 0.56, 1.00) with higher BMI associating with lower 
odds of depressive symptoms.

Analyses were performed within each of the 10 
regions in the CKB, with higher heterogeneity observed 
between the estimates in rural regions, especially for 
the female only analyses, although the Pheterogeneity > 0.05 
in all cases (I2 = 49.3%; Additional file  2: Table  S10). 
At the region level, there was tentative evidence of an 
inverse relationship between BMI and depressive symp-
toms in males from Suzhou (P = 0.03) and females from 
Henan (P = 0.004, Additional file 3: Fig. S2), whilst with 
the major depression outcome, we observed an inverse 
relationship with BMI in females from Henan (P = 0.03) 
and males from Zhejiang (P = 0.03, Additional file  3: 
Fig. S3).

Findings for WHR were less conclusive with direction-
ally consistent results observed in males and females but 
wide confidence intervals which crossed the null limiting 
the interpretability of our findings (Table  2, Additional 
file 3: Fig. S1). Similarly, there was no conclusive evidence 
for a relationship between WHR and depressive symp-
toms in individuals from urban or rural areas (Table  2, 
Additional file 3: Fig. S1).

Secondary analyses
Two‑sample MR analyses
We performed several two-sample MR sensitivity analy-
ses and observed the following results:

1. Repeating the BMI two-sample MR analyses using 
80 BMI genetic variants identified in a Japanese pop-
ulation. Here, our findings were directionally consist-
ent, with higher BMI associating with lower odds of 
depression, although the confidence intervals crossed 
the null (Additional file 2: Table S11).

2. Excluding SNPs where the minor allele frequency 
was close to 0.50 (> 0.45 and < 0.55) provided consist-
ent results when compared to using all SNPs (Addi-
tional file 2: Table S2; Additional file 3: Figs S4-S13).

3. Excluding SNPs with a different trait raising allele 
between people of European and East Asian ancestry 
were consistent, although confidence intervals were 
wider (Additional file  2: Table  S3; Additional file  3: 
Figs S4-S13).

4. Removing the MC4R SNP which appeared to be an 
outlier and is in an important BMI-related gene in 
people of  European  ancestry also did not alter our 
results (Additional file 2: Table S4).

One‑sample MR analyses
We performed several secondary one-sample MR analy-
ses in the CKB and observed the following results:

1. We tested for evidence of non-linearity between BMI 
and depressive symptoms in the CKB, using a CF 
approach. This provided some evidence for a non-lin-
ear relationship in urban dwelling individuals, espe-
cially females, suggesting both high and low BMI is 
associated with higher odds of depressive symptoms 
(Fig.  3a, Additional file  2: Table  S12). There was no 
evidence of a non-linear relationship in individuals 
from rural areas (Fig. 3b, Additional file 2: Table S12).

2. Analyses were repeated with a more stringent meas-
ure of depression: major depression defined using the 
CIDI-SF. Although broader confidence intervals were 
observed, both the observational and genetic one-
sample results were directionality consistent with the 
main analyses (Additional file 2: Table S13).

3. Finally, we repeated the genetic one-sample  analy-
ses excluding Qingdao as the prevalence of depres-
sive symptoms in this region was < 1% in both males 
(0.55%) and females (0.81%). The results were con-
sistent when Qingdao was excluded (Additional 
file 2: Table S14).

Discussion
This study tested the causal role of higher adiposity (as 
indexed by BMI or WHR) on depression outcomes in 
people of East Asian ancestry. Using two-sample Mende-
lian randomisation methods and summary statistics from 
a recent GWAS of major depressive disorder in people of 
East Asian ancestry with 15,771 cases and 178,777 con-
trols, as well as one-sample methods in 100,377 individu-
als in the China Kadoorie Biobank, we provide evidence 
that higher adiposity reduces the risk of depression in 
people of East Asian ancestry. We also provide evidence 
that this relationship varies depending on place of resi-
dence both internationally and within China. The GWAS 
data provided evidence that higher adiposity associated 
with reduced risk of depression in people of East Asian 
ancestry living in East Asia. However, an identical analy-
sis in people of East Asian ancestry dwelling in the UK 
or USA provided no conclusive evidence of an asso-
ciation. Further, within China, different effect estimates 
were observed between people dwelling in urban versus 
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rural areas, with strongly consistent inverse associations 
between BMI and depressive symptoms in rural regions, 
but an overall trend in the opposite direction in urban 
regions, driven by females.

This study contrasts to findings within European popu-
lations where higher adiposity is associated with higher 
odds of depression and depressive symptoms [6–8]. The 
findings of this study fit with our previous hypothesis in 
Europeans that the relationship between adiposity and 
depression could be explained by both biological (e.g. 
metabolic or inflammatory) and/or social factors (e.g. 
weight related stigma). We previously demonstrated 
within European populations, using genetic variants that 
increase adiposity but are also associated with a more 
favourable metabolic profile, that it was not solely the 
adverse metabolic consequences of higher adiposity that 
were driving the relationship with depression [33]. The 
perceptions of obesity in different cultures may there-
fore contribute to the relationship between obesity and 
depression. Our results in this study would fit with previ-
ous literature in East Asian populations [15, 34] where a 
‘Jolly Fat’ hypothesis is considered [35]. Historically, Chi-
nese tradition dictates that obesity is perceived positively, 
with the idiom ‘happy mind and fat body’, because only 
the wealthy can afford the food to gain weight [36, 37]. 
This is very different to the perception of obesity in Euro-
pean populations, where there is evidence that weight-
related stigma has a role in driving psychological distress 
[38–41]. These different perceptions of obesity across 
different cultures may explain the differential effects 
observed here.

There is further evidence for the importance of 
sociocultural factors within our study. Firstly, within 
the  CKB there was evidence of differential effect esti-
mates between urban and rural dwellers, with strong 
inverse relationships in rural dwellers, but within urban 
regions the direction of effect was in the opposite direc-
tion. The urban estimates were driven by females, where 
higher BMI was trending towards higher risk of depres-
sive symptoms. Furthermore, urban females provided the 
strongest evidence of a non-linear relationship between 
BMI and depressive symptoms, with both high and low 
BMI associating with higher odds of depressive symp-
toms. This fits with (a) our understanding of the social 
patterning of obesity as populations develop economi-
cally and (b) the transformation in perceptions within the 
Chinese populations, as idealisation of a thin body type is 
becoming more common, particularly in Chinese females 
[10, 42].

Secondly, people of East Asian ancestry living in West-
ern countries (UK and USA) demonstrated no clear asso-
ciation between BMI and depression, falling somewhere 
between the findings observed in people of European 

ancestry, where higher BMI is associated with higher risk 
of depression, and the inverse findings observed here in 
people of East Asian ancestry living in  China. There is 
evidence of changes in cultural identity over time in indi-
viduals who have migrated, with a transition towards the 
views of the country of migration [43]. This may help to 
explain the differences observed here, with the percep-
tion of obesity varying between cultures the UK or USA 
compared to those in China. However, we acknowledge 
that our UK/USA dwelling analyses had lower power and 
potential heterogeneity in the definitions of depression in 
these studies may have contributed to the null findings. 
Therefore, future work needs to analyse these differences 
in larger numbers of individuals with consistent depres-
sion definitions.

We note that one-sample MR estimates for urban 
dwelling females were in the opposite direction to the 
observational estimates obtained within CKB. This may 
be a result of (a) unmeasured or residual confound-
ing within our observational analyses [44] or (b) reverse 
causation [45]. Given that it is the estimates for urban 
females which switch direction and this fits with the 
social patterning of obesity, it is feasible that the wealth 
of the area or an individual’s wealth may confound the 
association. Accurately accounting for this in our obser-
vational analyses was not possible, although adjustment 
for socioeconomic factors did attenuate the observa-
tional estimates towards the null, tending to support the 
above hypothesis. It is also feasible that, as one of the 
symptoms of depression is weight change, we are seeing 
reverse causation in our observational models which can-
not be accurately accounted for. Here, we cannot exclude 
reverse causal pathways as we were unable to test the role 
of depression on adiposity using genetic approaches.

This study benefits from two complementary datasets, 
including a two-sample MR analysis in 15,771 cases and 
178,777 controls of people of East Asian ancestry and 
a one-sample MR analysis  in individual level data in up 
to 100,377 individuals in the CKB. The individual level 
data in the CKB enabled sex-specific analyses, non-linear 
analyses, and further regional analyses, which allowed us 
to comprehensively test the influence of higher adiposity 
on depressive symptoms. We acknowledge some limita-
tions with our approaches, especially in the one-sample 
analyses. In both the one- and two-sample approaches 
the definition of depression in the largest sample sizes 
captures depressive symptoms, however, our findings 
were directionally consistent when using the more clini-
cally representative measure in both analyses. The CKB 
has a low prevalence of reported depressive symptoms 
(3.5%), especially when analysing certain regions, and 
therefore the power of our sex-specific regional analy-
ses is limited. Further, after considering Bonferroni 
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corrected significance (P < 0.01), our one-sample results 
of BMI to depressive symptoms in some of our sub-anal-
yses remained only nominally significant (P < 0.05). This 
is likely due to low numbers of depression cases in some 
regions. In the CKB analyses, we were unable to account 
for potential pleiotropy in our models; however, the more 
pleiotropy-robust methods used in the two-sample anal-
yses were directionally consistent. Whilst we considered 
all four key assumptions of MR, we were only able to use 
available data to test the exclusion restriction assump-
tion and it is possible that the BMI GRS may associate 
with unmeasured confounders. Additionally, genetic 
associations can be confounded by demographic and 
family-level processes [46], for example indirect effects 
of parents’ genotype on offspring phenotype via environ-
mental pathways which may violate the independence 
assumption specifically. Circumventing these sources of 
bias requires genotype data on multiple members of the 
same family, which was not available here. Furthermore, 
we lacked robust BMI variants in people of East Asian 
ancestry and therefore utilised variants identified in 
European populations. However, these were weighted by 
and aligned to the trait raising allele in the CKB, meaning 
that the BMI GRS was strongly associated with BMI in 
the  CKB (F-stat > 100). Future work should repeat these 
analyses using specific variants identified in people of 
East Asian ancestry. Finally, we did not have full sum-
mary statistics available for the East Asian major depres-
sion GWAS and therefore we were unable to rule out 
reverse causation (depression influencing BMI) which 
should be tested in future work.

Conclusions
In conclusion, we have used two complementary Men-
delian randomisation methods to test the causal role of 
adiposity on depression and depressive symptoms in 
people of East Asian ancestry, demonstrating that higher 
adiposity is associated with lower odds of depression and 
depressive symptoms. Our analyses suggest that socio-
cultural contexts are important in this relationship, with 
no association noted in people of East Asian ancestry liv-
ing in the UK and USA. This study highlights the impor-
tance of considering setting-specific causal relationships 
especially when the relationship tested may have non-
biological pathways.
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