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E P I D E M I O L O G Y

Tissue-specific genetic variation suggests distinct 
molecular pathways between body shape phenotypes 
and colorectal cancer
Laia Peruchet-Noray1,2, Anja M. Sedlmeier3,4,5, Niki Dimou1, Hansjörg Baurecht5, Béatrice Fervers6, 
Emma Fontvieille1, Julian Konzok5, Kostas K. Tsilidis7,8, Sofia Christakoudi7,9, Anna Jansana1, 
Reynalda Cordova1,10, Patricia Bohmann5, Michael J. Stein5, Andrea Weber5, Stéphane Bézieau11, 
Hermann Brenner12,13,14, Andrew T. Chan15, Iona Cheng16, Jane C. Figueiredo17,  
Koldo Garcia-Etxebarria18,19, Victor Moreno2,20,21,22, Christina C. Newton23,  
Stephanie L. Schmit24,25, Mingyang Song15,26, Cornelia M. Ulrich27, Pietro Ferrari1, Vivian Viallon1, 
Robert Carreras-Torres28†*, Marc J. Gunter1,7†*, Heinz Freisling1†*

It remains unknown whether adiposity subtypes are differentially associated with colorectal cancer (CRC). To 
move beyond single-trait anthropometric indicators, we derived four multi-trait body shape phenotypes reflect-
ing adiposity subtypes from principal components analysis on body mass index, height, weight, waist-to-hip ratio, 
and waist and hip circumference. A generally obese (PC1) and a tall, centrally obese (PC3) body shape were both 
positively associated with CRC risk in observational analyses in 329,828 UK Biobank participants (3728 cases). In 
genome-wide association studies in 460,198 UK Biobank participants, we identified 3414 genetic variants across 
four body shapes and Mendelian randomization analyses confirmed positive associations of PC1 and PC3 with 
CRC risk (52,775 cases/45,940 controls from GECCO/CORECT/CCFR). Brain tissue–specific genetic instruments, 
mapped to PC1 through enrichment analysis, were responsible for the relationship between PC1 and CRC, while 
the relationship between PC3 and CRC was predominantly driven by adipose tissue–specific genetic instruments. 
This study suggests distinct putative causal pathways between adiposity subtypes and CRC.

INTRODUCTION
Colorectal cancer (CRC) is the third most common cancer and the 
second leading cause of cancer death worldwide with more than 1.9 
million incident cases and nearly 1 million deaths in 2020 (1, 2). 
There is convincing evidence that individuals with overweight or 
obesity [body mass index (BMI) ≥ 25 kg/m2] have a higher risk of 
CRC (3). Waist or hip circumferences (WC or HC) and waist-to-hip 
ratio (WHR) represent surrogate markers of body fat distribution 
and have shown associations with CRC risk similar to BMI, without 
providing additional insight into CRC etiology or risk discrimina-
tion (4). Jointly interrogating these anthropometric traits may pro-
vide information on the role of body shapes in cancer development 

and advance knowledge on how adiposity subtypes are differentially 
associated with CRC risk.

A promising way to define body shape was proposed by Ried 
et al. in 2016 (5). This approach was derived from data on 170,000 
individuals of European ancestry and was based on a principal com-
ponents analysis (PCA) on BMI, weight, height, WC, HC, and 
WHR. We reported previously that body shape phenotypes were as-
sociated with a higher risk of 17 different cancers in an observational 
analysis in the European Prospective Investigation into Cancer and 
Nutrition (EPIC) (6). Two distinct and orthogonal body shapes char-
acterizing a generally obese and a tall, centrally obese body shape, 
respectively, were both strongly positively associated with CRC risk 
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in the observational analysis in EPIC (6). These initial findings re-
quire replication in a different study population and assessment of 
their potential causal basis. Moreover, colorectal carcinogenesis is 
characterized by a variety of genetic and molecular changes (7), and 
body shapes may operate through such distinct, but currently un-
known, molecular pathways.

The genetic analysis of the body shapes identified genetic vari-
ants not previously associated with anthropometric traits in isola-
tion (5). However, several genetic variants that were identified in the 
latest single-trait genome-wide association studies (GWASs) were 
not found in the study by Ried et al. (5). Thus, an updated GWAS in 
a larger sample of study participants could find additional genetic 
variants and provide more accurate estimates of the associations 
with body shapes.

Mendelian randomization (MR) studies use genetic variants as 
instrumental variables for a given exposure to provide evidence of 
potential causality in exposure-outcome associations (8). The key 
sources of bias in MR studies are unrelated to those of observational 
analyses, which means that both approaches complement each other 
and could thus provide more robust evidence of causality via trian-
gulation (9). In addition, genetic variants can be grouped through 
enrichment analysis based on the tissue in which their mapped genes 
show different expression levels as compared to other tissues. Enrich-
ment (i.e., differential expression) of BMI- and WHR-associated 
genes has been observed in tissues of the central nervous system 
and of the digestive and urogenital systems, respectively (10, 11). 

Trait-associated genes that show differential expression across tissues 
may reflect different tissue contribution to a phenotype with distinct 
effects on disease risk (12). Such an approach has the potential to 
identify more specific molecular targets to intervene on the obesity-
CRC relationship.

This analysis aimed to triangulate the association between four 
distinct body shapes and the risk of CRC, by subsite (colon, distal 
colon, proximal colon, and rectum) and by sex, and to unravel po-
tential mechanisms by examining the role of tissue-specific gene ex-
pression of the body shapes in CRC development. We performed (i) 
a prospective observational analysis in 329,828 UK Biobank partici-
pants (3728 incident CRC cases), (ii) a genome-wide association of 
460,198 UK Biobank participants and a tissue expression enrich-
ment analysis in the Genotype-Tissue Expression project (GTEx) V8 
dataset to identify functional genetic instruments of body shapes, 
and (iii) an MR analysis using data from large CRC genetic consortia 
including 98,715 participants of European ancestry (52,775 cases 
and 45,940 controls) (Fig. 1).

RESULTS
Body shape phenotypes
The first four PCs as derived in UK Biobank participants captured 
more than 99% of the variation in BMI, height, weight, WHR, WC, 
and HC (table S1), defining four distinct body shapes with high con-
sistency to previous studies (5, 6), ancestries (fig.  S1), and by sex 

Fig. 1. Flowchart summarizing study methods. Body shape phenotypes have been derived by a PCA on six anthropometric traits (BMI, weight, height, WHR, WC, and 
HC). PC1 showed high and same sign loadings for all traits except height. PC2 showed high but opposite loadings for height and WHR. PC3 was characterized by high and 
same direction loadings for height and WHR. PC4 showed high loadings for weight and BMI and low loadings for HC and WC. QC, quality control.



Peruchet-Noray et al., Sci. Adv. 10, eadj1987 (2024)     19 April 2024

S c i e n c e  A d v an  c e s  |  R e s e ar  c h  A r t i c l e

3 of 15

(table S2). The first PC (PC1) accounted for 66.2% of total variation 
of the six traits describing a generally obese body shape. PC2 ex-
plained 19.4% of total variation defining tall individuals with low 
WHR. PC3 explained 12.3% of total variation characterizing a tall, 
centrally obese body shape. PC4 explained 2.0% of total variation 
defining an athletic body shape. Figure  1 shows these four body 
shapes graphically.

Observational analysis of body shape phenotypes 
and CRC risk
We investigated whether the four body shapes were associated with 
the risk of CRC in an observational analysis in UK Biobank. Base-
line characteristics of the study population by sex-specific quintiles 
of PC1 are presented in table  S3. Men and women in the lowest 
quintile (versus the highest quintile) of PC1 tended to have lower 
weight, height, BMI, WC, HC, and WHR; used less nonsteroidal 
anti-inflammatory drugs (NSAIDs); were more physically active; 
were less sedentary; tended to be never smokers; and had higher 
levels of education and a healthier diet. During a median follow-up 
time of 10.9 years (interquartile range: 10.1 to 11.6 years; 3,467,670 
person-years), a total of 3728 incident CRC cases were recorded. 
The multivariable-adjusted hazard ratios (HRs) and 95% confidence 
intervals (CIs) per 1-SD increment of PC1 was 1.13 (95% CI: 1.09 to 
1.17), with similar results among men (HR: 1.17; 95% CI: 1.11 to 
1.23) and women (HR: 1.09; 95% CI: 1.03 to 1.15) (P value for inter-
action by sex  =  0.06). Positive associations were found for colon 
cancer (HR:  1.16; 95% CI: 1.11 to 1.21), regardless of its subsites 
(distal colon: HR:  1.15; 95% CI: 1.07 to 1.23; proximal colon: 
HR: 1.17; 95% CI: 1.11 to 1.24; P value for subsites heterogeneity = 
0.10), and rectal cancer (HR: 1.07; 95% CI: 1.01 to 1.14). PC3 was 
also associated with an increased CRC risk with an HR of 1.09 per 
1-SD increment (95% CI: 1.05 to 1.13), which was similar between 
men (HR: 1.09; 95% CI: 1.04 to 1.15) and women (HR: 1.08; 95% CI: 
1.03 to 1.13), and for cancers of the colon (HR: 1.10; 95% CI: 1.06 to 
1.14) and rectum (HR: 1.07; 95% CI: 1.01 to 1.14). PC2 and PC4 
were not associated with CRC risk (Fig. 2 and table S4). Sensitivity 
analyses excluding current and former smokers, the two initial years 
of follow-up, and a crude model that included all four PCs support-
ed the risk estimates of the main model for all four body shapes 
(table S4).

Genome-wide association study
We performed a GWAS in 460,198 UK Biobank participants for each 
of the four body shapes. We identified 3414 independent genetic 
variants that reached genome-wide significance (P < 5 × 10−8) after 
linkage disequilibrium (LD) clumping (see Materials and Methods). 
Of these, 570 variants were not previously associated with any of the 
six single anthropometric traits that built the body shapes; 59 (1.7%) 
genetic variants were shared between two or more body shapes 
(fig. S2). Manhattan plots, Q-Q plots, and the summary statistic re-
sults can be found in Fig. 3, fig. S3, and data S1, respectively.

For PC1, we identified 678 genetic variants (P < 5 × 10−8), of 
which 21 were not previously linked to the six anthropometric traits. 
Among these genetic variants, rs10803149, in the AKT3 gene (chro-
mosome 1), was strongly associated with PC1 (β A versus T = 0.039; 
P = 2.00 × 10−10). This gene is of interest because it encodes a protein 
of the serine/threonine protein kinase family, which has a key role in 
regulating cell survival, insulin signaling, angiogenesis, and tumor 
formation (13, 14). Another lead genetic variant strongly associated 

with PC1 (rs1421085, β T versus C = −0.140; P = 1.90 × 10−241) in 
the FTO gene (chromosome 16) has been previously linked to BMI, 
weight, WC and HC, and WHR (15–19). The FTO gene acts as a 
regulator of fat mass, adipogenesis, and energy homeostasis (13, 14).

For PC2, of a total of 1802 genetic variants (P < 5 × 10−8), 224 
were not previously linked to the six anthropometric traits. Among 
these 224, the most strongly associated was rs9270074 (β T versus 
C = 0.040; P = 2.4 × 10−41), an intronic variant in the HLA-DRB1 
gene (chromosome 6). This gene is likely providing antitumor im-
munity in several solid and hematological malignancies (13, 14). Of 
all genetic variants associated with PC2, rs6440003 and rs143384 
were most strongly associated (β G versus A = −0.086; P < 1.4 × 
10−217 and β A versus G = −0.092; P < 1.4 × 10−217, respectively). 
Rs6440003 is in the gene ZBTB38 (chromosome 3), which plays an 
important role in regulating DNA replication (13, 14), while rs143384 
is in the GDF5 gene (chromosome 20), which encodes a growth fac-
tor involved in bone and cartilage formation (13, 14).

For PC3, we identified 741 genetic variants (P < 5 × 10−8), of which 
220 were not previously linked to the six anthropometric traits. Among 
these 220 genetic variants, rs114496946, located in the gene RAF1 (β T 
versus C = 0.077; P = 1.50 × 10−24), which encodes a serine/threonine 
protein kinase that regulates cell fate decisions including prolifera-
tion, differentiation, apoptosis, survival, and oncogenic transforma-
tion (13, 14). The genetic variant rs72959041 (β G versus A = −0.149; P = 
1.20 × 10−277) is located in the gene RSPO3 (chromosome 6), which 
is involved in the regulation of angiogenesis (13, 14). This vari-
ant was the strongest associated genetic variant with waist-to-hip 
index and WHR adjusted for BMI in a recent GWAS on allometric 
indices (20).

For PC4, we identified 193 genetic variants (P < 5 × 10−8), of 
which 105 were not previously known for these six anthropometric 
traits. Among these, rs12952730 (β G versus A = −0.005; P = 1.50 × 
10−12) in the RPS6KB1 gene (chromosome 17) encodes a mamma-
lian target of rapamycin (mTOR) responding protein signaling to 
promote protein synthesis, cell growth, and cell proliferation. This 
gene has been associated with human cancer (13, 14). Another ge-
netic variant strongly associated with PC4 was rs9907540 (β A ver-
sus G  =  −0.009; P =  9.90 × 10−36), located in the VPS53 gene 
(chromosome 17), which is involved in cellular retrograde transport 
from early and late endosomes to the trans-Golgi network and in 
endocytic recycling (13, 14).

Overall, 192 of 207 (92.75%) genetic variants associated with the 
body shapes reported by Ried et  al. were also identified in our 
GWAS (27 of 31 for PC1, 115 of 124 for PC2, 44 of 45 for PC3, and 
6 of 7 for PC4). The genetic effects (measured by GWAS betas) of 
genetic variants associated with PC1 were larger than for genetic 
variants associated with the other PCs (Fig. 4A). This was reflected 
in the proportion of variability in the body shapes explained by 
these independent genetic variants, which were 30.9% for PC1, 
34.8% for PC2, 7.8% for PC3, and 0.2% for PC4.

Tissue expression enrichment analysis
A tissue expression enrichment analysis of the body shape GWAS 
results was carried out using the Multi-marker Analysis of GenoMic 
Annotation (MAGMA) gene set analysis. This test uses the full dis-
tribution of GWAS P values to test for gene expression enrichment 
in 54 specific tissues across 30 general tissues of the GTEx V8 data-
set (see Materials and Methods). The results are shown in Fig. 4B 
and fig.  S4. Briefly, PC1 was enriched for gene expression in the 
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Fig. 2. Observational (dark blue) and MR (light blue) estimates of associations between body shape phenotype PC1, PC2, PC3, and PC4, per 1 standard deviation 
increments, and the risk of CRC (overall, among men, among women, and CRC subsites). CI, confidence interval; CRC, colorectal cancer; PC, principal component. For 
observational and MR analyses, cancer cases were 3728 and 52,775 for overall CRC, 2239 and 28,207 among men, 1489 and 24,568 among women, 2443 and 27,817 colon, 
1285 and 13,713 rectal, 966 and 14,016 distal colon, and 1370 and 12,360 proximal colon subsites, respectively.
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brain and in the pituitary gland (P < 7.67 × 10−08); PC2 was en-
riched in the uterus, tibial nerve, ovary, cervix uteri, and blood ves-
sels tissues (P < 1.06 × 10−3); PC3 showed enrichment in the adipose 
tissue, nerve, cervix uteri, uterus, blood vessel, breast, fallopian tube, 
and ovary (P < 2.26 × 10−4); and PC4 showed enrichment in uterus, 
blood vessel, adipose tissue, and muscle (P < 2.13 × 10−4). Overall, 
PC1 was enriched for gene expression corresponding to the neural 
broad transcription program (tissues with high proportion of neural 
cells), while PC2 to PC4 were enriched by gene expression corre-
sponding to the mesenchymal broad transcription program (tissues 
with high proportion of mesenchymal cells) (21).

We further explored whether the genome-wide independent ge-
netic variants were identified as expression quantitative trait loci 
(eQTL) or in LD (r2 > 0.8) with an eQTL. For PC1, 204 and 110 
variants of the 678 variants were identified as eQTLs in the brain 
tissues and the pituitary gland, respectively. Regarding the other PC 
GWAS results, several of the initially associated variants were also 
eQTLs of the tissues enriched for gene expression (PC2: 601 eQTLs 
in blood vessel, 592 in nerve, 144 in ovary, and 89 in uterus tissue; 
PC3: 278 eQTLs in adipose tissue, 259 in blood vessel, 154 in breast, 
267 in nerve, 65 in ovary, and 40 in uterus tissue; and PC4: 83 
eQTLs in adipose tissue, 79 in blood vessel, 68 in muscle, and 13 in 
uterus tissue). The eQTL with the lowest P value corresponded to 
rs72634819 for PC1 (P = 1.7 × 10−60), rs55938136 for PC2 (P = 1.9 × 
10−184), rs34856835 for PC3 (P = 2. 2 × 10−102), and rs10876864 
for PC4 (P = 1.1 × 10−247), regulating the gene expression of 
SLC35E2B, RPS26, XKR9, and LINC02210 genes, respectively.

MR of body shape phenotypes and CRC risk
Genetic variants related to body shape for the first three PCs identi-
fied by our GWAS formed strong instruments for the MR analysis 
(F statistic = 301.79 for PC1, 134.55 for PC2, and 52.22 for PC3) but 
not for PC4 (F statistic = 5.20 for PC4). Summary statistics for ge-
netic associations with CRC risk for the 3414 genetic instruments of 
body shapes (672 for PC1, 1774 for PC2, 734 for PC3, and 193 for 
PC4) were obtained from a large CRC consortium [meta-analysis of 
Colorectal Transdisciplinary Study (CORECT), Colon Cancer Fam-
ily Registry (CCFR), and Genetics and Epidemiology of Colorectal 
Cancer Consortium (GECCO)] (22).

PC1 was positively associated with overall CRC risk [inverse-
variance weighted (IVW) odds ratio (OR) per 1 SD = 1.10; 95% CI: 
1.07 to 1.13] and all subsites (colon, rectal, colon proximal, and colon 
distal) (Fig. 2). There was evidence of heterogeneity across genetic 
variants (Cochran’s Q P < 0.001), with no evidence for directional 
pleiotropy as quantified using the MR Egger intercept test (table S5). 
Results in sensitivity analyses (MR Egger and weighted median ap-
proaches) supported the main IVW MR risk estimates (fig. S5).

PC3 was similarly positively associated with overall CRC risk 
(IVW OR = 1.12; 95% CI: 1.06 to 1.20), again consistent with the 
observational findings (Fig. 2) and sensitivity analyses (fig. S6). Het-
erogeneity was also detected (P < 0.001) (table S5). PC3 was posi-
tively associated with risk across all the CRC subsites and among 
women (IVW OR = 1.18; 95% CI: 1.10 to 1.28) (Fig. 2 and fig. S6).

MR estimates for PC2 showed a weak positive association with 
overall CRC but with a CI including the null (IVW OR = 1.03; 95% 

Fig. 3. Manhattan plots showing the genetic associations of the four body shapes. 
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Fig. 4. Genetic architecture and tissue expression profile analyses of the four body shape phenotypes (PC1 to PC4). Genetic architecture (A) and tissue expression 
profile (B). Tissues reaching a P value of <1.67 × 10−3, after Bonferroni correction, are highlighted in darker colors. MAF, minor allele frequency.
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CI: 1.00 to 1.06) (Fig. 2). Associations were similar among men and 
women, and CRC subsites (Fig. 2). However, neither the MR sensi-
tivity analyses (fig. S7) nor the results obtained from the observa-
tional analysis supported these findings.

PC4 showed inconclusive associations with CRC risk (IVW 
OR = 1.05; 95% CI: 0.68 to 1.62) (Fig. 2 and fig. S8). The scatterplots 
depicting the genetic associations of the body shape–related instru-
ments with the risk of overall CRC are shown in figs. S9 to S12.

MR of tissue-specific variants of body shapes and CRC
We next defined groups of tissue-specific genetic instruments for 
each of the four body shapes to assess whether these tissue-grouped 
associations with CRC risk show evidence of divergent mechanisms. 
Figure S13 shows the number of genetic instruments included in the 
MR analysis for each tissue and the number of genetic instruments 
shared between tissues.

The group of brain tissue–specific genetic instruments for PC1 
(204 variants) was positively associated with overall CRC risk (IVW 
OR per 1 SD = 1.12; 95% CI: 1.05 to 1.19), while the PC1–pituitary 
gland expression instrument (110 variants) showed a more modest 
positive association (IVW OR = 1.07; 95% CI: 0.99 to 1.16) (Fig. 5). 
Sensitivity analyses supported these positive observations (fig. S14). 
The group of adipose tissue– and tibial nerve–genetic instruments 
for PC3 (278 and 267 variants, respectively) showed positive asso-
ciations with overall CRC risk (IVW OR = 1.15; 95% CI: 1.05 to 
1.27, IVW OR = 1.14; 95% CI: 1.03 to 1.27, respectively) (Fig. 5). 
Other tissue-gene expression instruments for PC3 showed less 
strong and/or robust associations with CRC risk (Fig. 5).

In an exploratory MR analysis of PC3 and CRC risk, we subdi-
vided adipose tissue–specific genetic instruments and found no 

substantial differences in risk estimates for CRC with ORs equal to 
1.15 (95% CI: 1.00 to 1.34) and 1.13 (95% CI: 1.01 to 1.27) for vis-
ceral and subcutaneous adipose tissue, respectively. Further details 
on the heterogeneity and overall directional pleiotropy assessment 
can be found in table S6.

DISCUSSION
We conducted complementary observational and MR analyses to in-
vestigate the role of distinct body shapes in CRC development. We 
found that a generally obese body shape and a tall, centrally obese 
body shape were both robustly positively associated with overall CRC 
risk, its subsites (colon, distal colon, proximal colon, and rectal can-
cer), and in men and women. We also found that the generally obese 
body shape was associated with gene expression patterns in tissues 
with a high proportion of neural cells, whereas the tall and centrally 
obese body shape was associated with gene expression patterns in 
mesenchymal cells. This suggests that these two distinct body shapes 
may operate via separate downstream molecular pathways.

Traditionally, overall adiposity is quantified by BMI, while ab-
dominal adiposity or body fat distribution is quantified by WC, HC, 
or WHR. However, BMI is correlated with height and body fat dis-
tribution measures (23), and the use of these indicators provides 
nonspecific risk estimates of the exposures under investigation (24, 
25). To overcome this limitation, body shapes have been proposed 
to characterize different phenotypes of adiposity not fully captured 
by individual anthropometric traits. The body shapes in UK Bio-
bank were extremely similar with those previously computed in the 
GIANT consortium (5), in the EPIC study (6), and between differ-
ent ancestries available in UK Biobank (i.e., Caucasian, African, 

Tissue

PC1

Brain

Pituitary

PC2

Blood vessel

Nerve − tibial

Ovary

Uterus

PC3

Adipose tissue

Blood vessel

Breast − Mammary tissue

Nerve − Tibial

Ovary

Uterus

PC4

Adipose tissue

Blood vessel

Muscle − Skeletal

Uterus

Num. genetic variants

204

110

601

592

144

89

278

259

154

267

65

40

83

79

68

13

OR (95% CI)

1.12 ( 1.05−1.19 )

1.07 ( 0.99−1.16 )

1.03 ( 0.97−1.09 )

1.03 ( 0.98−1.09 )

1.12 ( 1.00−1.26 )

1.15 ( 0.99−1.35 )

1.15 ( 1.05−1.27 )

1.07 ( 0.97−1.18 )

1.11 ( 0.98−1.26 )

1.14 ( 1.03−1.27 )

1.19 ( 0.98−1.45 )

1.06 ( 0.81−1.39 )

1.09 ( 0.60−1.97 )

1.24 ( 0.68−2.25 )

1.07 ( 0.55−2.11 )

1.59 ( 0.52−4.84 )

0.9 1 1.1 1.2 1.3

Fig. 5. Associations between body shape phenotype (PC1 to PC4) grouped gene sets and the risk of overall CRC. OR, odds ratio.
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Asian, and Chinese). This emphasizes that body shape phenotypes 
can be built consistently across populations.

Although the body shapes may be more specific in assessing 
CRC risk in terms of adiposity and body size, the interpretability of 
the PCs is not straightforward. To facilitate the interpretation of the 
CRC risk estimates, we computed the means and the difference in 
SD units of each anthropometric trait for study participants in the 
top and bottom 5% of each body shape (table  S7). For example, 
comparing top to bottom 5% of PC1 corresponded to almost uni-
form increments of 3.5 to 4.0 SDs for BMI, weight, WC, and HC, 
while increments in WHR and height were 1 and 0.4 SDs, respec-
tively. In contrast, for PC3, we observed a 2-SD, 1-SD, and 0.3-SD 
increment in WHR, height, and WC, respectively, as well as decreas-
es in HC (1.8 SD), BMI (1.3 SD), and weight (0.5 SD). Further detail 
and respective comparisons for PC2 and PC4 are shown in table S7.

To our knowledge, only one previous study, led by our group, 
investigated associations between these body shapes and the risk of 
cancer across 24 anatomical sites including colon and rectal cancers 
in an observational setting in EPIC (6). Our current findings are 
congruent and support potential causality of associations between 
body shapes and the risk of colon and rectal cancers observed in 
EPIC (6). Moreover, our study adds evidence for tissue-grouped 
causal associations of body shapes with CRC risk based on the tissue 
in which the body shape–mapped genes show markedly different 
expression levels.

Previous observational findings showed that excess body fat—
measured by BMI—increased overall CRC risk by 5% per 1-SD in-
crement (3), while an MR study estimated a 16% (per 1 SD) increased 
risk (26). Our findings for PC1 (generally obese body shape) showed 
more consistent estimates between observational and MR analyses, 
suggesting a risk increment per 1 SD of 13 and 10%, respectively. A 
meta-analysis of observational studies and an MR analysis, which 
used sex-specific genetic variants for BMI, showed stronger associa-
tions in men (8 and 23% increased risk) than in women (5 and 9% 
increased risk) (3, 26). Our results (both observational and MR) are 
congruent with a stronger association in men than women. We did 
not derive sex-specific genetic variants for our MR analysis because 
the loadings of the body shapes between women and men were very 
similar. This allowed for a larger sample size to identify the genetic 
instruments. The mean PC scores of the body shapes were also sim-
ilar between men and women (table S8), except for slightly higher 
PC1 scores among men than women, suggesting that the prevalence 
of general obesity (PC1) was higher among men than women.

Our results for PC3 (tall, centrally obese) are probably best com-
pared with previous observational and MR analyses that have linked 
abdominal adiposity (indicated by WHR) to CRC risk (3, 26). How-
ever, these previous studies differed in the estimates reporting 2% 
(per 1 SD) and 28% (per 1 SD) higher CRC risk for observational 
and MR analysis, respectively (3, 26). As in PC1, our estimates for 
both association studies were more consistent (9 and 12% increased 
risk per 1 SD). This could be explained by the specificity of body 
shape phenotype PC3 that also captures the contribution of other 
anthropometric traits such as height.

Also relevant is the finding that associations of PC2 (tall with a 
low WHR) with the risk of CRC were at best suggestive of a weak 
positive association based on the MR analysis, which, however, was 
not robust in MR sensitivity analyses and were conflicting with the 
observational analysis. This suggests that the association of height 
with CRC incidence might have been overestimated in previous 

studies because of the difficulty to separate out the effect of height 
from WHR [WHR was not accounted for in previous studies (3, 27, 
28)]. The differences with our results suggest that WHR may have an 
important role in the association between height and CRC risk, 
which is also supported by the results we obtained for PC3. Mecha-
nistically, increased cancer risk due to height independently of (cen-
tral) adiposity could be explained by an increased cell number in 
taller individuals (29). However, some biologic overlap with adipos-
ity due to shared mechanistic pathways [e.g., elevated insulin-like 
growth factor 1 (IGF-1) levels] (30) cannot be ruled out and requires 
further investigation.

Viewed from a different mechanistic perspective with total bili-
rubin as a unifying indicator of metabolic health (31), PC2 was 
positively associated with total bilirubin in a UK Biobank study 
(31). This indicated a favorable metabolic health for individuals with 
higher PC2 scores [i.e., a lower trunk fat mass, lower circulating lev-
els of triglycerides and of low-density lipoprotein (LDL)–cholesterol, 
and lower blood pressure]. In contrast, both PC1 and PC3, except 
for PC3 among women, were inversely associated with total biliru-
bin, indicating a less favorable metabolic health (31). Total bilirubin 
itself could potentially also play a causal role in CRC development, 
whereby higher circulating levels tended to be inversely associated 
with CRC risk in UK Biobank (32).

There is an intricate relationship between metabolic health, in 
particular dyslipidemia (i.e., imbalance of lipids such as cholesterol 
and triglycerides), and inflammation (33), which could present a 
mechanistic link to CRC. However, it is thought that inflammation 
leads to changes in lipid metabolism rather than the other way 
round; for example, tumor necrosis factor–α (TNF-α) stimulates tri-
glyceride synthesis in hepatic cell lines (33). It is also likely that 
statins (which is a drug prescribed to reduce LDL-cholesterol levels) 
could confound the dyslipidemia-CRC associations. Findings from 
prospective and MR studies of either dyslipidemia or statins with 
CRC risk are inconsistent in this respect (34–37). Collectively, it re-
mains to be clarified whether dyslipidemia plays a causal role in 
CRC development or is only a bystander.

Our GWAS identified 3414 independent genetic variants that 
were robustly associated with at least one of the four body shapes 
and expands prior knowledge. Ried et  al. (5) had identified 207 
independent genetic variants, of which 92.75% were replicated in 
our GWAS, which clearly shows the importance of our study with 
an augmented sample size [N  =  460,198 current study versus 
N = 173,278 in Ried et al. (5)]. A total of 59 genetic variants were 
common with at least two of the body shapes. Overall, our results 
suggest different genetic architectures among body shapes.

In our tissue expression enrichment analyses, we found that the 
genetic variants related to PC1 showed gene expression enrichment 
in tissues with high proportion of neural cells (brain and pituitary 
gland tissues), while genetic variants related to PC3 showed gene ex-
pression enrichment in tissues with high proportion of mesenchymal 
cells (adipose, breast, nerve, blood vessel tissues, and the reproductive 
tissues of uterus, cervix, ovary, and fallopian tube) (21). Overall, the 
observed difference in genetic and tissue expressions suggests that 
PC1 and PC3 may capture different molecular origins and metabolic 
consequences of these body shapes and may reflect divergent mecha-
nisms by which body shapes influence the risk of CRC. One mecha-
nism by which PC1-influencing genetic variants expressed in brain 
tissue likely exert their effects is via energy homeostasis, which is 
strongly controlled by the central nervous system (38). Conforming 
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with this notion, genetic variants strongly associated with PC1 were 
found in the AKT3 and FTO genes, which are known to be involved 
in insulin signaling and energy homeostasis, respectively (13, 14). 
Perturbed energy homeostasis can lead to neurogenic adiposity caus-
ing chronic, systemic inflammation mainly through the overexpres-
sion of proinflammatory adipokines (39). In contrast, PC3-influencing 
genetic variants expressed in adipose tissue might exert their effects 
through an unfavorable fat distribution characterized by less subcuta-
neous fat storage and/or less fat accumulation at legs and hips (40). 
This could lead to metabolically harmful ectopic fat storage (e.g., in 
liver and muscle) and may result in increased insulin resistance (40). 
In addition to nerves and adipose tissue, PC3 also showed enrich-
ment in female-specific reproductive tissues such as the uterus. 
Whether this could explain the heterogeneity between men and 
women in the MR estimates for PC3 and CRC risk needs further study.

The main strength of this study is the combination of prospective 
observational and instrumental analyses using two large indepen-
dent datasets: UK Biobank for the observational and GWAS analy-
ses, and the CRC genetic consortia dataset for the MR approach. 
Second, we identified strong genetic instruments in the GWAS anal-
ysis (except for PC4), which allowed us to reliably estimate CRC risk 
in our MR analysis. Third, we performed multiple sensitivity analy-
ses to evaluate the influence of residual confounding by smoking 
and reverse causation bias in the observational setting and to assess 
the potential violation of the MR assumptions.

Our findings should be interpreted considering the following 
limitations. Despite adjusting for the main confounders, residual 
confounding can be present in the risk estimates of prospective obser-
vational analysis. Second, a one-point-in-time assessment of body 
shapes may underestimate cumulative exposure over the life course or 
miss changes in body shapes. Other limitations include that, in gen-
eral, the MR studies can be slightly biased because of uncontrolled 
confounding from family effects such as assortative mating, dynastic 
effects, and population structure (41). We minimized this bias from 
population stratification performing a two-sample MR analysis in 
samples composed of European ancestry individuals. Last, although 
our tissue-specific MR results suggest divergent mechanisms across 
tissues, we acknowledge that the observed differences in risk across 
tissues could be influenced by varying instrument strength/power. 
Future studies could use genetic colocalization to verify the function-
al relationship between the body shape PCs and gene expression.

In these complementary observational and MR analyses, we 
found that a generally obese and a distinctly tall, centrally obese 
body shape were both robustly associated with a higher CRC risk. 
While the former was enriched for gene expression in the brain and 
pituitary gland, the latter was enriched in adipose, nerve, blood ves-
sel, breast, and reproductive tissues. Together with the results of the 
tissue-specific MR analyses, our work suggests that these two dis-
tinct body shapes may operate via separate molecular pathways 
through which they influence the risk of CRC. Future studies that 
examined these two pathways in mechanistic/experimental studies 
would be welcomed.

MATERIALS AND METHODS
Ethics statement
All participants from the UK Biobank have provided written in-
formed consent to participate. UK Biobank has ethical approval 
from the Northwest Multi-Centre Research Ethics Committee. All 

participants from the GECCO, CORECT, and CCFR consortium 
provided written informed consent, and each study was approved by 
the relevant research ethics committee or institutional research 
board. GECCO is approved under Fred Hutch Cancer Center IRB 
file no. 3995.

UK Biobank
UK Biobank is a prospective cohort study with over 500,000 indi-
viduals with an age range of 38 to 73 years at recruitment between 
2006 and 2010 from 22 study centers in England, Scotland, and 
Wales. Data on anthropometry, lifestyle, health-related indicators, 
and biological samples were collected (42, 43). Up to 488,377 indi-
viduals were genotyped using either a custom Affymetrix UK Bio-
bank Axiom Array chip or a custom Affymetrix UK BiLEVE Axiom 
Array chip (43).

Body shape phenotypes
Anthropometric measures were recorded by trained personnel. 
Height and weight were measured using a Seca 202 stadiometer and 
a Tanita BC-418 body composition analyzer, respectively. BMI was 
calculated as body weight (in kilograms) divided by height (in me-
ters squared). WC was measured at the natural indent or the umbi-
licus and HC at the widest point of the participants. WHR was 
calculated as WC (in centimeters) divided by HC (in centimeters) 
(42). Weight and WC were not recorded for women, who were preg-
nant at baseline, and were thus excluded in our analysis because of 
missing exposure information.

Body shapes were derived from a PCA on the residuals of the six 
anthropometric traits (BMI, height, weight, WHR, WC, and HC) 
computed by regressing each trait on sex, age, and recruitment cen-
ter. The distributions of PC data were winsorized at 1 and 99% to 
reduce the influence of point anomalies (44). Details regarding PC 
loadings and its proportion of variance explained can be found in 
table S1. We computed the arithmetic mean of each anthropometric 
trait of participants in the top and bottom 5% across all four body 
shape phenotypes to facilitate its interpretation (table S7). We also 
derived the body shape phenotypes in other ancestries available in 
UK Biobank (i.e., African, Asian, and Chinese).

Genome-wide association study for body shape phenotypes
We excluded participants for excess of heterozygosity, extensive miss-
ingness (rate  >  5%), sex discrepancy, aneuploidy, and discordance 
across control replicates (N  =  1865). We restricted our analysis to 
European ancestry individuals based on self-reported ancestry and 
categories derived using k-means algorithm to UK Biobank genetic 
PCs (fig. S15). Last, we also excluded individuals showing nonadher-
ence to follow-up appointments, obtaining a final sample size of 
460,198 European individuals. A total of 8,889,767 genetic variants 
remained for the GWAS after applying filters in missingness < 0.05, 
minor allele frequency (MAF) > 0.01, imputation info-score > 0.1, 
and Hardy-Weinberg equilibrium (HWE) test P > 1 × 10−8. These 
quality control steps were performed using PLINK2 except for the 
k-means algorithm, which was implemented using the “stats” pack-
age in the statistical software R 4.2.1 and RStudio 2022.7.0.548 (45–48).

Genome-wide association testing was implemented using Bayes-
ian linear mixed-model analysis BOLT-LMM v2.3.5 (49). BOLT-
LMM requires three primary components to be performed: the 
imputed genetic data for the association testing, a reference panel of 
LD scores per genetic variant, and genotype data used to approximate 
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a genetic relationship matrix (GRM). As our sample was restricted to 
European ancestry individuals, we were able to use the LD score ref-
erence panel provided by BOLT-LMM, which is based on 1000 Ge-
nomes samples using the LD Score Regression (LDSC) software (50). 
The genetic variant selection for the GRM was as follows: missing-
ness < 0.01, HWE < 1 × 10−08, MAF > 0.01, and imputation info-
score > 0.8. The remaining genetic variants were hard called using a 
threshold of 0.25 and pruned at r2 < 0.2. Some conflictive genomic 
regions such as the lactase locus on chromosome 2, the major histo-
compatibility complex (MHC) on chromosome 6, and inversions on 
chromosomes 8 and 17 were removed. Last, the GRM included 
836,810 genetic variants.

BOLT-LMM was applied using the standard infinitesimal model 
adjusting for age, age2, sex, genotyping batch, and 10 genetic PCs. To 
identify independent genetic variants associated with each body 
shape, we performed an LD clumping on genetic variants with a P 
value of <5 × 10−08 in windows of 10 Mb, with a clumping threshold 
at r2 = 0.01, using the “ieugwasr” package in R 4.2.1 and RStudio 
2022.7.0.548 (47, 48, 51, 52).

Genetic variants—not previously linked to BMI, weight, height, 
WHR, WC, and HC—were defined on the basis of databases from 
the NHGRI-EBI GWAS Catalog, the MRC IEU OpenGWAS proj-
ect, the Open Targets Genetics, and PhenoScanner (accessed in Feb-
ruary 2023) (15–19, 52, 53). In addition, we also compared our 
results with the latest GWAS on height (sample size of 5.4 million 
individuals) (54).

Tissue expression enrichment analysis
A tissue expression enrichment analysis on the GWAS summary 
statistics of each of the four body shapes was carried out using the 
MAGMA gene set analysis implemented in the Functional Mapping 
and Annotation (FUMA) of GWAS software (55, 56). This analysis 
was performed for 30 general tissue types (e.g., brain tissue) and 
separately for 54 tissue types that included specific subtypes (e.g., 13 
brain subregions). Some tissues had no subtypes (e.g., lung) and 
were included in both analyses. In the first step, among all genetic 
variants of the GWAS on body shapes, only the genetic variants 
mapped to a protein-coding gene were selected. Second, a regres-
sion model was fitted using the normalized GWAS-derived P values 
of the genetic variants identified in the first step as the outcome and 
the average gene expression per tissue type and several technical 
confounders as covariables. The tissues were derived from a total of 
838 postmortem donors of the GTEx V8 dataset (57). The sample 
numbers from genotyped donors across the 54 tissue types are given 
in table S9.

Genetic variants related to body shape phenotypes
From the identified independent genetic variants across the four 
body shapes, we estimated the variance explained by the genetic 
variants related to each body shape, as a function of the effect size 
(β) for the phenotype in SD units and the MAF of the variants in-
cluded [cumulative of 2 × β2 × MAF × (1 − MAF)] (58). We also 
calculated the F statistic to quantify the strength of the relationship 
between each genetic instrument and its body shape. The F statistic 
is an estimation of the magnitude of the instrument bias (with an F 
statistic of <10 indicating weak instruments) (59).

For the tissue-specific MR analysis, we selected genetic instru-
ments that were found in the GWAS and identified as an eQTL or in 
LD (r2 > 0.8) with an eQTL through MAGMA gene set analysis. We 

restricted our tissue-specific MR analyses to the 30 general tissues 
using as genetic instruments all genetic variants identified for each 
tissue subtype (e.g., genetic instruments for adipose tissue included 
genetic instruments mapped to subcutaneous and visceral adipose 
tissues). Further details of the number of genetic variants mapped in 
each specific tissue and the different specific tissues composing the 
general ones can be found in table S10.

Genetic variants related to CRC risk
Summary statistics for CRC risk of the genetic variants related to 
body shapes were obtained from three large CRC genetic consortia: 
GECCO, CORECT, and CCFR. These datasets did not include UK 
Biobank participants to avoid sample overlap between exposures 
and outcomes. The dataset consisted of 98,715 participants of Euro-
pean ancestry (52,775 cases and 45,940 controls). Further analyses 
by subsite [colon (27,817 cases), rectal (13,713 cases), distal colon 
(14,016 cases), and proximal colon (12,360 cases) cancer] and by sex 
(24,568 women and 28,207 men cases) were performed (22).

MR analysis
MR analysis is an approach that uses genetic variants as instruments 
to seek potential causal associations between an exposure and an 
outcome. MR is based on three main assumptions: (i) The genetic 
variants are strongly associated with the exposure, (ii) the genetic 
variants are not associated with any potential confounder, and (iii) 
the genetic variants are associated with the outcome only through 
the exposure (60–62).

Two-sample summary-based MR approach consists of the appli-
cation of MR methods to summary-level data of a GWAS on the 
exposures (the four body shapes) and a GWAS on the outcomes 
(overall CRC, by subsites, and by sex) (63). Random-effects IVW 
MR method was used as the primary analysis (64).

We used scatterplots to present the genetic associations between 
body shapes and CRC risk to visually examine the consistency of 
MR estimates and the potential associated bias.

Last, we also performed the same MR analysis design for the 
tissue-specific MR approach.
Sensitivity analyses
The first MR assumption (i.e., the genetic variants are associated 
with the exposure) is likely to be met as we selected genetic variants 
with a rigorous P value of <5 × 10−8. The second (i.e., the genetic 
variants are not associated with any potential confounder) and third 
(i.e., the genetic variants are associated with the outcome only 
through the exposure) MR assumptions are more difficult to test 
(65). Thus, several sensitivity analyses were implemented to assess 
the potential violation of these assumptions.

We used the Cochran’s Q test to evaluate heterogeneity among 
causal effects derived from each of the selected variants, considering 
the existence of heterogeneity with a P value of <0.05 (66). MR-
Egger regression was also implemented providing a statistical test 
for overall directional pleiotropy (intercept term different from 
zero) (67). We performed the weighted median approach as it allows 
for the violations of the second and the third assumptions when up 
to 50% of the genetic variants are invalid (i.e., violation of one or 
more MR assumptions) (68, 69). Both tests provide valid MR esti-
mates in the presence of overall directional pleiotropy but suffer 
from reduced power (64, 67). All analyses were conducted using the 
“MendelianRandomization” in R 4.2.1 and RStudio 2022.7.0.548 
(47, 48, 70).
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Observational analysis
CRC incident cases
Data on cancer diagnoses were provided by National Health Service 
(NHS) Digital and Public Health England for participants from 
England and Wales and by NHS Central Register (NHSCR) for par-
ticipants residing in Scotland. Detailed information about the re-
cord linkage and cancer registry information can be found at https://
biobank.ndph.ox.ac.uk/~bbdatan/CancerNumbersReport.html. 
Type of cancer cases was coded using the International Classifica-
tion of Diseases (ICD), and information on tumor morphology and 
histology was derived using the third revision of the International 
Classification of Diseases for Oncology (71). Date of complete 
follow-up was 29 February 2020 for England and Wales and 31 Janu-
ary 2021 for Scotland. CRC was defined as ICD C18-C20 (3728 
cases), colon cancer as C18 (2443 cases), and rectal cancer as C19-
C20 (1285 cases) using the 10th Edition of the International Classi-
fication of Diseases (ICD-10). Further subdivided, proximal colon 
cancer was defined as C18.0-C18.5 (1370 cases) and distal colon 
cancer as C18.6-C18.7 (966 cases).
Covariables
We identified potential confounding variables using directed acyclic 
graphs (Fig. 6 and fig. S16) (72, 73). These were socioeconomic fac-
tors: age, sex, recruitment center, Townsend deprivation index, and 
education (university/college degree, A levels/AS levels/National 
Vocational Qualification/Higher National Diploma/Higher National 
Certificate or equivalent/other professional qualification, O levels/
Certificate of Secondary Education or equivalent, none of the above); 
ethnicity (white, mixed, Asian/British Asian, Black/Black British, 
Chinese, other); lifestyle factors: tobacco smoking (never, previous, 
current), physical activity (metabolic equivalent-minutes per 
week), sedentary behavior (hours per day spent watching television/
using computer/driving), adherence to a healthy diet score based on 
several food items (processed meat, red meat, oily fish, milk type, 
spread type, cereal intake, and fruit and vegetables) (74), milk intake 
(<150, 150 to 299, ≥300 ml/day), and alcohol intake frequency (daily 
or almost daily, three or four times a week, once or twice a week, one 
to three times a month, special occasions only, never); medication 

use: NSAIDs and hormone therapy in postmenopausal women; 
bowel (CRC) cancer screening and family history of CRC (father 
and/or mother). Further details on these variables are provided in 
the UK Biobank protocol (http://ukbiobank.ac.uk).

We did not adjust for comorbidities, such as type 2 diabetes, 
because we assumed that this comorbidity would rather be a me-
diator (i.e., in the pathway from body shapes to CRC) than a con-
founder. Unmeasured (known) confounders are inflammatory 
bowel syndrome and Lynch syndrome; both phenotypes are diffi-
cult to diagnose clinically, and data availability in UK Biobank 
was therefore limited. However, as indicated in the DAG, we as-
sumed that the confounding paths for both phenotypes are at least 
partly blocked by accounting for bowel (CRC) cancer screening 
and family history of CRC. After the exclusion of participants 
with prevalent cancer at baseline, and missing, incomplete, or im-
plausible information on exposures or in at least one covariable, 
the sample for observational analyses comprised 329,828 partici-
pants (51.1% women; fig. S17).
Statistical analysis
Cox proportional hazards models with age as the underlying times-
cale were used. We estimated HRs and 95% CIs per 1-SD increment 
of each PC. Models were stratified by sex, age (in 5-year categories), 
and recruitment center and adjusted for covariables (see above) 
in the main models. Proportional hazards assumptions were tested 
with scaled Schoenfeld residuals (75), and log-likelihood ratio tests 
were used to assess potential departure from linearity for all expo-
sure variables.
Sensitivity analyses
As sensitivity analyses, we excluded the current and former 
smokers to address potential residual confounding by smoking, 
excluded the two initial years of follow-up to control for reverse 
causation, and additionally fitted a crude model that included 
all four PCs.

All statistical tests were two-sided and P values < 0.05 were 
considered statistically significant. All analyses were performed 
with R version 4.2.3 using the packages “FactoMineR” and “rms” 
(47, 76, 77).

Fig. 6. Directed acyclic graph depicting the assumed causal relationship between body shape phenotypes and CRC risk with its confounding and mediating 
paths. 

https://biobank.ndph.ox.ac.uk/~bbdatan/CancerNumbersReport.html
https://biobank.ndph.ox.ac.uk/~bbdatan/CancerNumbersReport.html
http://ukbiobank.ac.uk
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