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Abstract

Background: We aimed to identify plasma and urinary metabolites related to colorectal cancer (CRC) risk and elucidate their media-
tor role in the associations between modifiable risk factors and CRC.

Methods: Metabolite quantitative trait loci were derived from 2 published metabolomics genome-wide association studies, and
summary-level data were extracted for 651 plasma metabolites and 208 urinary metabolites. Genetic associations with CRC were
obtained from a large-scale genome-wide association study meta-analysis (100204 cases, 154 587 controls) and the FinnGen cohort
(4957 cases, 304197 controls). Mendelian randomization and colocalization analyses were performed to evaluate the causal roles of
metabolites in CRC. Druggability evaluation was employed to prioritize potential therapeutic targets. Multivariable Mendelian ran-
domization and mediation estimation were conducted to elucidate the mediating effects of metabolites on the associations between
modifiable risk factors and CRC.

Results: The study identified 30 plasma metabolites and 4 urinary metabolites for CRC. Plasma sphingomyelin and urinary lactose,
which were positively associated with CRC risk, could be modulated by drug interventions (ie, olipudase alfa, tilactase). Thirteen
modifiable risk factors were associated with 9 metabolites, and 8 of these modifiable risk factors were associated with CRC risk.
These 9 metabolites mediated the effect of modifiable risk factors (Actinobacteria, body mass index, waist to hip ratio, fasting insulin,
smoking initiation) on CRC.

Conclusion: This study identified key metabolite biomarkers associated with CRC and elucidated their mediator roles in the associa-
tions between modifiable risk factors and CRC. These findings provide new insights into the etiology and potential therapeutic tar-
gets for CRC and the etiological pathways of modifiable environmental factors with CRC.

Colorectal cancer (CRC) is the third-most common malignant
tumor and the second-most common cause of cancer death in

accurately reflect the current health state of individuals as the
endpoints of cellular pathways and biological processes (6).

the world (1). Evidence suggests that metabolic alterations are
tied to the occurrence and progression of CRC (2). Some meta-
bolic pathways, such as glycolysis (3), fatty acid metabolism (4),
and gut flora metabolism (5), are distinct between colorectal
tumors and normal mucosa. A better understanding of these
metabolic changes may contribute to uncovering the etiological
mechanism of CRC and the development of novel strategies for
CRC prevention, diagnosis, and treatment.

Metabolites are the intermediate link between genetic factors
or environmental exposures and diseases, and they can

Currently, alterations in the plasma metabolites have been
observed between patients with CRC and controls (7-13). Most of
these studies were observational, however, and limited to candi-
date approaches with few numbers of metabolites, single
biological sample sources, or small sample sizes, which restricted
their ability to understand the causal role of metabolites in CRC.
Furthermore, given that plasma and urine metabolites
are strongly influenced by lifestyle factors such as diet,
smoking, alcohol, and drugs, these metabolites could
be potential mediators underlying the detrimental effect of
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lifestyle risk factors and hence may represent interventional
targets (14).

As an analytic strategy for investigating causal relationships
between exposures and outcomes by using genetic variations as
instrumental variables, Mendelian randomization has the dual
benefits of minimizing confounding and diminishing reverse cau-
sality (15). Here, we employed metabolome-wide Mendelian ran-
domization and colocalization analyses to identify causal plasma
and urinary metabolites of CRC by integrating human metabo-
lome with genome data from large-scale genome-wide associa-
tion studies (GWASs). We then evaluated whether the identified
CRC-related metabolites can be modulated by pharmacologic or
lifestyle interventions.

Methods

Figure 1 shows the overall study design. First, we performed a 2-
stage (discovery and replication) metabolome-wide Mendelian
randomization analysis to examine causal associations of plasma
and urinary metabolites with CRC risk, using metabolite quanti-
tative trait locus data derived from 2 large-scale metabolomics
GWASs. The statistically significant associations between metab-
olites and CRC were further prioritized by Bayesian

colocalization. Then, we evaluated the druggability of identified
metabolites and systematically scanned modifiable risk factors
associated with CRC-related metabolites and CRC by employing
univariate Mendelian randomization. Last, multivariable
Mendelian randomization and mediation analyses were per-
formed to elucidate the metabolic mediators of the associations
between modifiable risk factors and CRC.

Study population and datasets

The largest CRC GWAS dataset (100204 cases and 154587 con-
trols) to date, covering 22 million single-nucleotide variations
(SNVs; formerly single-nucleotide polymorphisms) (16), was
employed in the discovery metabolome-wide Mendelian random-
ization analysis. Details of the study population, genotyping, and
imputation have previously been described (16). Independent
GWAS summary data covering 20 million SNVs on the basis of
4957 CRC cases and 304197 controls from the FinnGen cohort
were used in the replication stage (17). Supplementary Table 1
(available online) presents the basic characteristics of these CRC

GWASs. Ethics approvals were obtained from the relevant
authorities, and all participants provided informed consent
(16,17).

Step 1: Identify causal metabolites from plasma and urine for colorectal cancer (CRC)
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Figure 1. Flowchart of the study design. GWAS = genome-wide association study; PP4 = posterior probability for H4; FDR = false discovery rate.
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Summary statistics of genetic associations with plasma and
urinary metabolites were extracted from 2 large-scale metabolo-
mics studies with 690 plasma metabolites (18) and 211 urinary
metabolites (19), respectively. These metabolites were measured
using an ultra-high-performance liquid chromatography-tandem
mass spectrometry platform. Supplementary Table 2 (available
online) shows detailed information about metabolomics studies.

Summary statistics of genetic associations for 66 modifiable
risk factors (22 dietary factors, 25 gut microbial taxa, 12 lifestyle
factors, and 7 obesity-related factors) were extracted from 15
studies. Detailed information about these factors and studies is
available in Supplementary Table 3 (available online).

Statistical analysis

Metabolome-wide Mendelian randomization
analysis
The genetic instruments were selected using metabolite quanti-
tative trait loci from the above-mentioned 2 metabolomics stud-
ies. Supplementary Methods (available online) show the details
for SNV selection criteria. After matching and harmonizing with
CRC outcome data, a total of 1237 instruments for 651 unique
plasma metabolites and 233 instruments for 208 unique urinary
metabolites remained. Details for all the instrumental variables
are shown in Supplementary Tables 4 and 5 (available online).
The TwoSampleMR package (20) was used to conduct
metabolome-wide Mendelian randomization analysis. The
method details are described in Supplementary Methods (avail-
able online). A strict Bonferroni correction method was adopted
for correction of multiple testing in discovery stage to reduce
false-positive findings. For statistically significant metabolites in
the discovery dataset, we further conducted Mendelian random-
ization analysis to replicate their associations using CRC GWAS
summary statistics from the FinnGen cohort. Finally, the
random-effects meta-analysis was performed to estimate the
combined estimate for each metabolite from discovery and repli-
cation datasets.

Bayesian colocalization analysis

Bayesian colocalization analysis was performed using the coloc
package (21) on the basis of summary statistics of identified
metabolites and CRC meta-GWASs to assess whether 2 associ-
ated signals (metabolite and CRC risk) were driven by a shared
causal genetic variant to distinguish the confounding of linkage
disequilibrium (LD). The strong evidence of colocalization was
defined as the posterior probability for the hypothesis 4 (H4)
greater than 80%. The method details are described in
Supplementary Methods (available online).

Druggability evaluation

We searched the targets and drug information using DrugBank
(22) and ChEMBL (23) to evaluate whether the identified metabo-
lites could serve as potential therapeutic targets. DrugBank and
ChEMBL prioritized the potential druggable targets by integrating
information from text mining, gene function, drug-gene interac-
tions, and expert curation. The information and the development
process of drugs that targeted identified metabolites were docu-
mented.

Multivariable Mendelian randomization and
mediation analyses

Furthermore, to uncover modifiable risk factors that can modu-
late CRC-related metabolites, we first employed univariate
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Mendelian randomization analysis to systematically evaluate the
relationships of modifiable risk factors with identified metabolites
and CRC risk, respectively. A false discovery rate by Benjamini-
Hochberg adjusted P < .05 was identified as the significance level.
We then performed multivariable Mendelian randomization to
test whether metabolites mediated the effect of modifiable factors
on CRC. The method details are described in Supplementary
Methods (available online). Finally, the mediated proportion was
calculated using the formula (total effect—direct effect)/total
effect. All statistical analyses were conducted in R, version 4.1.0 (R
Foundation for Statistical Computing, Vienna, Austria).

Results

Metabolome-wide Mendelian randomization
analysis identified 33 metabolites for CRC

The F statistics for all instruments of metabolites were above 10,
indicating a good strength (Supplementary Tables 4 to 5, avail-
able online). Metabolome-wide Mendelian randomization identi-
fied that 102 plasma metabolites and 25 urinary metabolites
were associated with CRC risk with nominal significance (P <.05)
(Supplementary Tables 6 to 7, available online). Among them,
genetically predicted ethylmalonate and methylsuccinate levels
in both plasma and urine were positively associated with CRC,
while levels of X-19141 and X-12707 in both plasma and urine
were inversely associated with CRC (Supplementary Figure 1,
available online). After Bonferroni correction, a total of 30 plasma
metabolites (P<7.68x107) (Table 1, Figure 2) and 4 urinary
metabolites (P<2.39x107%) (Table 1; Supplementary Figure 2,
available online) were statistically significantly associated with
CRC. Genetically predicted levels of 22 plasma metabolites and 2
urinary metabolites were positively associated with CRC risk,
while the other 8 plasma metabolites and 2 urinary metabolites
were inversely associated with CRC. For metabolites that had 2
sources and survived after Bonferroni correction in at least 1
source, Mendelian randomization results of both plasma and
urine sources and power are shown in Supplementary Table 8
(available online). No evidence of heterogeneity and pleiotropy
was observed (Pheterogeneity > -05, Ppleiotropy > -05) (Supplementary
Table 9, available online). For 6 metabolite pairs, covering a total
of 19 metabolites, that had partly overlapping instruments, mul-
tivariable Mendelian randomization prioritized 6 metabolites
that had a more dominant effect on CRC risk (P<.008)
(Supplementary Table 10, available online). In stratification anal-
ysis by ethnicity, most of these metabolite-CRC associations were
still statistically significant in White and Asian populations with
consistent effect direction (P <.05) and no statistically significant
heterogeneity by ethnicity (Supplementary Table 11, available
online).

In the replication stage, 27 plasma metabolites and 4 urinary
metabolites were successfully validated in the FinnGen dataset
(P<.05) (Table 1). In the meta-analysis of discovery and replica-
tion datasets, 29 plasma metabolites and 4 urinary metabolites
displayed statistically significant associations with CRC risk,
which could be classified into 13 subcategories (Table 1).

24 Metabolites were supported by colocalization
evidence

A total of 24 metabolites (23 plasma and 1 urinary) were sup-
ported by strong evidence of colocalization, with posterior proba-
bility for H4 greater than 80% across different window sizes,
suggesting high probability for a shared causal genetic variant
for metabolites and CRC risk (Table 1; Supplementary Table 12,


https://academic.oup.com/jnci/article-lookup/doi/10.1093/jnci/djae089#supplementary-data
https://academic.oup.com/jnci/article-lookup/doi/10.1093/jnci/djae089#supplementary-data
https://academic.oup.com/jnci/article-lookup/doi/10.1093/jnci/djae089#supplementary-data
https://academic.oup.com/jnci/article-lookup/doi/10.1093/jnci/djae089#supplementary-data
https://academic.oup.com/jnci/article-lookup/doi/10.1093/jnci/djae089#supplementary-data
https://academic.oup.com/jnci/article-lookup/doi/10.1093/jnci/djae089#supplementary-data
https://academic.oup.com/jnci/article-lookup/doi/10.1093/jnci/djae089#supplementary-data
https://academic.oup.com/jnci/article-lookup/doi/10.1093/jnci/djae089#supplementary-data
https://academic.oup.com/jnci/article-lookup/doi/10.1093/jnci/djae089#supplementary-data
https://academic.oup.com/jnci/article-lookup/doi/10.1093/jnci/djae089#supplementary-data
https://academic.oup.com/jnci/article-lookup/doi/10.1093/jnci/djae089#supplementary-data
https://academic.oup.com/jnci/article-lookup/doi/10.1093/jnci/djae089#supplementary-data
https://academic.oup.com/jnci/article-lookup/doi/10.1093/jnci/djae089#supplementary-data
https://academic.oup.com/jnci/article-lookup/doi/10.1093/jnci/djae089#supplementary-data
https://academic.oup.com/jnci/article-lookup/doi/10.1093/jnci/djae089#supplementary-data
https://academic.oup.com/jnci/article-lookup/doi/10.1093/jnci/djae089#supplementary-data
https://academic.oup.com/jnci/article-lookup/doi/10.1093/jnci/djae089#supplementary-data
https://academic.oup.com/jnci/article-lookup/doi/10.1093/jnci/djae089#supplementary-data
https://academic.oup.com/jnci/article-lookup/doi/10.1093/jnci/djae089#supplementary-data

| JNCI: Journal of the National Cancer Institute, 2024, Vol. 116, No. 8

1306

(panunuod)

S
gIat],
ZIa1L
ZId1L
ZIa1L
ZIaIL

zIR1L
zIRTL

ZIa1L
TI31L
TI31L
TIe1L
TI31L
TI31L
TI9TL
TI31L
TI31L
11

TI31L
TIIL

TIaLL,

TI31L
TI9TL

TI91L
181
1111
TI81L
TI81L

TI91L
TI9TL

K10831eH

umouun

umouun

umouun

wIST[0ge}auW pIoe 3iq ATewlld
wIs[0qe1aul

proe a71q A1EpU0dSS
WISI[0QBIaUL 3S010B[ES

pUE ‘9SOUUBW ‘9S030N1]

ua3oTewWSe[d
sureAwoduryds

pIoe A31e]
pajeinjesunijod ureyd 3uo

WISI[0qEe}aUW 95010B[ES
PUR ‘@SOuURU ‘9501dNI]
juerd/Ausuoduiod poo]
pIoe ourure [Aweinn-4
pidijoydsoydosAT

poe 11
pareiniesuniiod ureyd Suo

sureAwoduryds
(suroypd
14oe) wistjogelaw poe 118
poe 1]
pajeinjesunijod ureyd 3uo
pIoe A31e]
pareanyesuniiod ureyd 3uo
pioe A31e]
pajeinjesunijod ureyd 3uo
prdijoydsoydosA

uadorewSe[d

poe £1e]
pajeinjesunijod uteyd 3uo
101924131A>B0UOIN

poe £1e]
pajeinjesunijod ureyd 3uo

poe A1)
pajeinjesunijod ureyd 3uo

aurjoydApnieydsoyd
surjoypApneydsoyd
suroydApneydsoyd

surjoypdpneydsoyd
suroydApneydsoyd

Kemmredgqng

UBI@PUSIN

ON 10-952°¢ (S0'T03580)S6°0 10-399°/ 01 S0-344°S 160
ON 80-918'6 (PF'10381°T)0€T 10-3%5'¢ JA £0-dCCT el
ON /0-380°/ (/6°003€60) 560 ¢0-3S6'1 ¥6°0 S0-390°1T S6°0
ON £0-9ST°Z (¥6'003980)68°0 ¢0-396'1 /80 S0-390'1T 060
ON £0-9/T% (/6003%60) 9670 ¢0-36S°1T S6°0 90-I¥1'L 960
ON /0-92CT (18°00329°0)T/0 €0-3%¥'S c9'0 90-91L'% €40
SOA £0-9/L'€¢ (81T 0I8OT)ET'T T0-I¥1'e 60T £0-396'S [
ON 0z-4/¥'T (€17031€97)981 €0-910'T 6T 81-Ive’e 81
SOA $0-9€89 (16T 0161°T)IST ¢0-3/€°8 8C'T 1¢-3€T1 91
S9A §0-4/1°9 (STT0180T)9T'T €0-945% ST £0-399'1 P11
S9A S0-981°9 (I1€T0101°T)0TT €0-445% el £0-399'T 8T'1
S9X S0-981°9 (c/TOI0TT) #¥'T €0-145% VLT £0-999°1 8¢'T
S9X 0C-4¢T'T (2L T0VEVT) LST 0-385°/ 91 81-15C'¢ 9s'1T
S9X 1¢-480% (99T 010¥'1)2S'T ¢0-1/8'1 6e'1T 0C-I%1'S ST
S9X €2-90C°9  (¥8°0019/°0) 08°0 €0-448°1 080 1¢-3¢C'8 080
SOA €C-IFTY (8P T 010£T)6ET €0-3€9°T 6€1 1¢-3€¢9 6€'1
S9A €7-959% (£8'101¢ST) 69T €0-309°¢ 791 1¢-38%'¥% 691
S9X €2-359% (€9T0I8ET)0S'T €0-309°¢ A" 1¢-38%'% 0S'T
SOA €7-988'T (Lc10381'T)¢€CT €0-36£'1T [ 1¢-36S°C €cl
S9X €¢-1/8T (STTOI0TT)CT'T €0-364'1 [N 1¢-365°C [A"
SO €2-I88'T (06 TO161°T) ST €0-36£'1 ¥C1 1¢-365°C Sl
SOA €7-918'C (87T 010£T)6€T €0-41£°¢ 9¢'1T 1¢-38S°C 6€'1
SOA $z-4/8'6 (€103 1CT) LTT €0-160'T L1 1¢-391°¢ [T
SOA €z-3€CT  (SP1016CT) LET €0-4¢9'1 9¢'1 1¢-398'1 LET
S9A €7-4€CT (ST OIEET) THT €0-4¢9'1T w1 1¢-398'1 4"
SO €¢-I6CT (6STOI/ET) /T €0-3¢9'1 91 1¢-998'1 A"
S9A €7-9€C°T  (08°0032/0)92°0 €0-4¢9'1 LL°0 1¢-398'1 9,0
S9A €7-9€C’T  (¥8°003££0)08°0 €0-4¢9'1 180 1¢-398'1 080
SA br-g1ee (E1'10160T)ITT €0-IvL'T 1 ¢C-av9y A
S9& ¥T-I18'T (cT'T0380°T) 0T'T €0-150'T or't ¢c-160'% 011
%08 < ¥dd d (reaxsyur s>USpyUOd d onei sppo d onei sppo
%56) One1 SpPO
UONBZI[ED0[0D sisA[eue-eldN uonedijdal uoneziwopuel  AISAO0ISIp UOTIEZIWIOpPUEL

UueIPpUSI

£SE/LT-X
06£5C-X
Iv161-X
SpTUOINON[S PIOE JI[OYD

apIuoINdN[3 proe dI[0Y24x0aQq

9]BUOIDR[ED

«(7102/0:91-d) DdD
-[Aouopryoere-g-(jfortwred-1Aui-1)-1
«(LH1/1:81P ‘0F1/2:81P) ulppAwoduryds

(ous:zz ‘vdd 9u) areouseiuadesodoq

9SOUUBN
xo1euUoOuuBN
suruoanIjAweInH-4
(0:%2) DdD-1401200UB1T-1

(gus:izz ‘vdd gu) areouseiuadesodod

++((HO)0:9T/1:81P)
uteAwoduryds [LoytuuredAxoIpAH

QUIOYD[AOUOPIYDELY
(€up:g1) ereuopLIES
(U9:H¢) 91BUISIN

(9u¥:0z) S1RUOPIYDRIY

+(9Up:07) DdD-1AouopiyoeIy-T
+(7:02/0:81-d)

31dD-1Aouoprydere-g-(jAoreays-1Aug-1)-1

«(oug:zz) s1eOUALIIBSOD0(
(v:02) 10190413 [AU0pIydEIY-T

(cus:0z) vdl

(9uyizz) MreULIDY

(9:2z/0:91)
Unﬁu‘ﬁmocwmxwﬂrmmouow\mA.\moﬁcﬁm&\.ﬁ
+(€:81/2:81) DdD-[Aousiour]-g-1Aos[our]-1
(¢:81/2:81) DdD-140910UINIA-Z'T

(9u¥:0z/0:91)
DdD-[Aouopryoere-z-[Aoywied-1
(¥:02/0:31) DdD-1Aouopryoere-z-1A01ea1s-1

aM[0qeIdIN

BUWSE]
BUWISE[]
BUWISE[]
BWISE]
BUWISE[]
euISe[d

RUISE[d
ewIse[d

BUWISE[]
BWSE]
BUWISE[]
BUWISE[]
BUWISE]
BUWISE[]
euISe[d
BWSE]
BWSE]

BUWISE[]

rwISed
rwISRd

ewseld

RUISE[d
ewIse[d

BUISE[]
BWISE]
BUWISE[]
BWISE]
BUWISE[]
BWSE]

ewseld

ansst],

$9}1[0QEISW PAYNUSPI UO}BZIUIOPUERL UBI[SPUSIN SPLM-SUIO[0qRISUL 10] UOTIBZI[EI0[0D PUR ‘SISA[EUE-BISWL ‘UOT}BZIWIOPUET UBI[OPUSI UIOL] S}NSSI ATBWIWNS T S[qe.L



1307

J. Sun et al.

quauodxa = 7 ‘HH 10] L11qeqoid 10ue1sod = $dd *(qx 00SF 10 g ‘9SBQOTI] 0GZF) SMOPUIM JUSISIJIP ISPUN %08 UBY) 19YSIY [[B 219M SIN[BA dd

®

[ASIAS

ZIa1L
zIeIL

TI81L

K10831eH

SPI0I3S DTUS30IpUY

umousun
umou{un

S9PLIBYDOBSO3I[O

pue sapLIEYDIESIq

Kemypedgng

ON £0-3/£¢ (60T01%0T)90T  20-I¥6'T 80'T S0-19T'T 901
ON 90-360°T (/6°003%6°0) S6°0 ¢0-30C’e S6°0 S0-I¢T'T 96°0
ON £0-3959 (96°00116°0) %60 ¢0-306'T 60 90-31/6'6 760
$3X £0-90ST (06 T03190°T)8T'T €0-d1¢’T LC'T S0-3I0v' ¥ YLl
%08 <¥dd d (rearsyur soUSpYUOd d oner sppo d oneisppo
%S6) One1 SPPO
uonezIeso[on sisA[eue-elaN uonedidal uoneziwoopuel  AISAODSIp UOTIEZIWIOPUEI

UBI[dPUSIN

uel@pusSiy

91BJ[NS QUOJOUR[OYDIONR0ISY-TT UL
opru

-0INON[3 PIOE JI[OYD I0] PAIl_I FEFET-X QUL

Tvi6l-X  [ulf)

3S010BT QUL

aM1[0qeIdN
anssiJ,

(ponunuod) 1 3[qeL



Group
e Negatively associated
Not significant
e Positively associated

1308 | JNCI: Journal of the National Cancer Institute, 2024, Vol. 116, No. 8
j
'
1-stearoyl-2-@rachidonoyl-GPC (18:0/20:4) E'COSBPEHIBEHOB‘S (EPA; 20:5n3)
1-palmitoyl-2-arachidonoyl-GPE (16:0/20:4n6)®® 1-arachidonylglycerol (20:%) 1-palmitoyl-2-docosahexaenoyl-GPC (16:0/22:6)
. - . ' . . \\ adrenate (22,4n6] L]
) o2 dlinoleoy! EPC (18:218:2) H arachidonate (20:4n6)y Nagrenge ¢ / ) docosapentaenoate (N6 DPA; 22:5n6)
1-linoleoyl-2-linolenoyl-GPC (18:2/18:3) 1 1-arachidonoyl-GPC (20:4n6)* docosgﬂnenoale (22.§rw6)* t. donate (18:4n3)
- ° 1 stearidonate :4n:
20 hydroxypalmitoyl sphingomyelin (d18:1/16:0(0OH))** N arachidonoylcholine nisinate (24:6n3)
17(17en32\fslearoyl)fzfarach\donoylfGPE (P-18:0/20:4)*
L)
: docosapentaenoate (n3 DPA; 22:5n3)
'
'
H
' 1-lignoceroyl-GPC (24:0) .
: sphingomyelin (d18:2/14:0, d18:1/14:1)*
'
'
'
'
'
'
'
15 |
'
'
'
'
'
'
'
'
!
'
—~ '
) 1
=] '
S !
1 '
a :
=
S :
o -
k) 1
| '
'
'
'
'
'
'
'
'
'
'
'

o o
' mannose mannonate*

'
deoxychohcg\c\d glucuronide
cholic acid glucuronide ® o :
X-19141
X;17357 1

.
5—{ galactonate

' [
17(1feny\'Lpalmitoy\)foarach\donoy\fGPC (P-16:0/20:4)*

X-25790
)

L
gamma-glutamylthreonine

T
-0.2 0.0 0.2

Beta

0.4 0.6

Figure 2. Volcano plot showing results from plasma metabolome-wide Mendelian randomization in the discovery stage. The metabolome-wide
Mendelian randomization was performed based on summary statistics of genetic associations of a large-scale plasma metabolomics study and CRC
meta-GWAS summary data to test associations of 651 plasma metabolites with CRC risk. Metabolites that survived after Bonferroni correction are

labeled. CRC = colorectal cancer.

available online). Combining the above evidence, CRC-related
metabolites were classified into 3 tiers: 22 metabolites passed all
tests and were classified into tier 1, 10 metabolites failed in
Mendelian randomization replication or colocalization and were
classified into tier 2, and 2 metabolites failed in both replication
Mendelian randomization and colocalization and were classified into
tier 3.

Two metabolites as therapeutic targets by drugs
Druggability evaluation showed that 2 of the CRC-related metab-
olites (sphingomyelin [d18:2/14:0, d18:1/14:1]*, lactose) have
been targeted by pharmacologic intervention (Supplementary
Table 13, available online). A drug (olipudase alfa) targeting
sphingomyelin (d18:2/14:0, d18:1/14:1)* has been used to treat
acid sphingomyelinase deficiency, acting to catalyze the hydroly-
sis of sphingomyelin to reduce the amount of sphingomyelin. A
drug (tilactase) targeting lactose has been used to treat lactose
intolerance and developed to treat irritable bowel syndrome.

Nine metabolites as interventional targets by
modifiable factors

In univariable Mendelian randomization analysis of modifiable
factors with 32 metabolites that have convincing evidence (tiers
1 and 2), we found that a total of 13 modifiable risk factors (2
dietary factors, 2 gut microbial taxa, 5 lifestyle factors, 4 obesity-
related factors) were associated with 9 CRC-related metabolites
(false discovery rate < 0.05) (Figure 3; Supplementary Table 14,
available online), and 8 of 13 modifiable factors were also associ-
ated with CRC risk (false discovery rate < 0.05) (Supplementary
Table 15, available online).

Metabolites partially mediate the effect of
modifiable factors on CRC

Figure 4 shows the modifiable factor-metabolites-CRC pairs with
mediating effects. For 8 modifiable factor-metabolites-CRC pairs,
7 pairs (except for milk intake) had full summary data and were
further evaluated using multivariable Mendelian randomization.
The associations of phylum Actinobacteria, class Actinobacteria,
body mass index (BMI), waist to hip ratio, fasting insulin, and


https://academic.oup.com/jnci/article-lookup/doi/10.1093/jnci/djae089#supplementary-data
https://academic.oup.com/jnci/article-lookup/doi/10.1093/jnci/djae089#supplementary-data
https://academic.oup.com/jnci/article-lookup/doi/10.1093/jnci/djae089#supplementary-data
https://academic.oup.com/jnci/article-lookup/doi/10.1093/jnci/djae089#supplementary-data
https://academic.oup.com/jnci/article-lookup/doi/10.1093/jnci/djae089#supplementary-data

k% * *
% ot *
ek x = **
*
* ok |
[ ]
et % ]
o oot [ I
|| ]
S8 RO <
U B, % B %

Body measurement factors

ok

4| INESEE urinary lactose

*
Do |5

J.Sunetal. |

docosapentaenoate (n6 DPA; 22:5n6)
adrenate (22:4n6)

eicosapentaenoate (EPA; 20:5n3)
docosatrienoate (22:3n6)*
arachidonate (20:4n6)

nisinate (24:6n3)

stearidonate (18:4n3)
docosapentaenoate (n3 DPA; 22:5n3)
1-stearoyl-2-arachidonoyl-GPC (18:0/20:4)
1-palmitoyl-2-arachidonoyl-GPC (16:0/20:4n6)
1-linoleoyl-2-linolenoyl-GPC (18:2/18:3)*
1-palmitoyl-2—-docosahexaenoyl-GPC (16:0/22:6)
1,2—dilinolecyl-GPC (18:2/18:2) ————
arachidonoylcholine
1-arachidonoyl-GPC (20:4n6)*

1-lignoceroyl-GPC (24:0)

1-arachidonylglycerol (20:4)
1-(1-enyl-stearoyl)-2-arachidonoyl-GPE (P-18:0/20:4)*
1-(1-enyl-palmitoyl)-2-arachidonoyl-GPC (P-16:0/20:4)*
cholic acid glucuronide

deoxycholic acid glucuronide

hydroxypalmitoyl sphingomyelin (d18:1/16:0(OH))**
sphingomyelin (d18:2/14:0, d18:1/14:1)*

mannonate® ———

mannose

galactonate
gamma-glutamylthreonine
X-19141 ——M—

Long Chain
irated
(n3 and n6)

Fatty Acid

Phosphatidylcholine

Other Lipid
Metabolite

Other

urinary X-19141
urinary X—-19434 retired for cholic acid glucuronide
urinary 11-ketoetiocholanolone sulfate

Urinary
Metabolite

-1.2 0

Beta NN

Lifestyle

Dietary = Gut microbiome

>1.2

Plasma
Metabolite

Figure 3. Heatmap showing results from Mendelian randomization of modifiable risk factors with colorectal cancer-related metabolites. * False
discovery rate corrected P < .05. ** False discovery rate corrected P < .01. *** False discovery rate corrected P < .001.

A

Exposure

Phylum.Actinobac
teria.id.400

Total effect: 0.35, P=2.92E-04

Mediators

Plasma galactonate;
Urinary lactose

Mediated proportion: 95%

Outcome
CRC

Exposure

Cc

| Outcome Exposure |

Class.Actinobacter

ia.id.419

Outcome

Total effect: 0.33, P=1.62E-05 | CRC Smoking initiation | Total effect: 0.12, P=0.001

CRC

Mediators Mediator

Plasma galactonate;

3 Plasma mannose
Urinary lactose

Indirect effect: 0.25

-7 Indirect effect: 0.02

Mediated proportion: 76% Mediated proportion: 17%

Outcome

CRC

i IEXPOSU“Z Outcome & E:POS:"E | N Outcome Exposure |
Phylum.Acti i : - . Actinobact : = B S i .
yium Actinobac Direct effect: 0.016, P=0.82 —I CRC assActinobacter Direct effect: 0.08, P=0.24 ] CRC Smoking mmatlon| Direct effect: 0.10, P=0.016
Exposure | Outcome Exposure ‘ Outcome Exposure Outcome
BMI Total effect: 0.18, P=6.85E-11 —| CRC Waist-hip ratio ‘ Total effect: 0.16, P=3.99E-05 CRC Fasting insulin Total effect: 0.53, P=1.63E-03 CRC
Mediators Mediators Mediator
Plasma 1-lignoceroyl-GPC; mannonate*; - P :
mannose; deoxycholic acid glucuronide; ""‘hf“z"“'":“"_:"'l"‘i:_‘(‘“/ "‘_‘-2)- Plasma 1-lignoceroyl-GPC (24:0); 1-
1,2-dilinoleoyl-GPC(18:2/18:2); (‘;‘?:‘;‘;Z_mg‘:‘yl)ff"':ﬁ:nﬁ‘e" linoleoyl-2-linolenoyl-GPC
1-linoleoyl-2-linolenoyl-GPC(18:2/18:3)* bl 4 (18:2/18:3)*
.~ Indirect effect: 0.1 =7 indirect effect:0.03 s ~=" Indirect effect: 0.08 R
Mediated proportion: 61% Mediated proportion: 19% M rd Mediated proportion: 15%

Exposure

| Outcome

BMI

Direct effect: 0.07, P=0.032

| CRC

Exposure

L

Outcome Exposure

Waist-hip ratio ‘

Outcome

CRC

Direct effect: 0.13, P=0.009 Fasting insulin Direct effect: 0.45, P=0.039

CRC

Figure 4. Metabolic mediators of the relationships between modifiable risk factors and CRC. A) Phylum Actinobacteria effect on CRC mediated by
plasma galactonate and urinary lactose. B) Class Actinobacteria effect on CRC mediated by plasma galactonate and urinary lactose. C) Smoking

initiation effect on CRC mediated by plasma 1-lignoceroyl-GPC (24:0), 1-linoleoyl-2-linolenoyl-GPC (18:2/18:3)*. D) BMI effect on CRC mediated by
plasma 1-lignoceroyl-GPC, mannonate*, mannose, deoxycholic acid glucuronide, 1,2-dilinoleoyl-GPC(18:2/18:2), and 1-linoleoyl-2-linolenoyl-GPC(18:2/
18:3)*. E) Waist to hip ratio effect on CRC mediated by plasma 1,2-dilinoleoyl-GPC (18:2/18:2), hydroxypalmitoyl sphingomyelin (d18:1/16:0(0OH))**, and
mannose. F) Fasting insulin effect on CRC mediated by plasma mannose. BMI = body mass index; CRC = colorectal cancer.

1309



1310 | JNCI: Journal of the National Cancer Institute, 2024, Vol. 116, No. 8

smoking initiation with CRC risk were attenuated in the multi-
variable Mendelian randomization analyses, with adjustment for
metabolites (Figure 4), whereas the association of leisure televi-
sion watching with CRC became stronger (Supplementary Figure
3, available online). Among them, genetically predicted levels of
plasma galactonate and urinary lactose mediated 95% of the
effect of phylum Actinobacteria on CRC and 76% of the effect of
class Actinobacteria on CRC (Figure 4).

Discussion

In this study, we performed a comprehensive investigation on
associations of plasma and urinary metabolites with CRC risk.
The discovery metabolome-wide Mendelian randomization anal-
ysis identified 30 plasma and 4 urinary metabolites associated
with CRC, and most of them showed cross-ethnicity effect con-
sistencies. The replication Mendelian randomization validated 30
candidate metabolites, and 24 metabolites were supported by
colocalization evidence. Collectively, 22, 10, and 2 metabolites
were classified into the most convincing evidence (tier 1), con-
vincing evidence (tier 2), and low evidence (tier 3) groups, respec-
tively. Druggability evaluation prioritized 2 CRC-related
metabolites (ie, sphingomyelin, lactose) that could be modified
by drug interventions; additionally, 9 of these metabolites could
be modulated by modifiable risk factors. Multivariable Mendelian
randomization analyses indicated that the effect of modifiable
factors (ie, Actinobacteria, smoking initiation, BMI, waist to hip
ratio, and fasting insulin) on CRC were partially mediated by
these identified metabolites.

Our findings indicated a potentially important role of long
chain polyunsaturated fatty acid (n3 and né) (adrenate [22:4n6],
arachidonate [20:4n6], stearidonate [18:4n3|, EPA, n3 DPA, n6
DPA, nisinate [24:6n3], docosatrienoate [22:3n6]*) in CRC liability.
The observed relationships of adrenate (22:4n6), arachidonate
(20:4n6), and stearidonate (18:4n3) with CRC are consistent with
previous findings (24-26), but current evidence of EPA and DPA
on CRC are conflicting. Previous Mendelian randomization stud-
ies and our findings indicated that high plasma EPA, n3 DPA, and
n6 DPA were positively associated with CRC (25,27).
Observational studies showed null association between blood
DPA and EPA levels and CRC and even inverse association
between dietary their intake and CRC risk (27). Given that in diet-
ary assessments it is difficult to be precise and observational
studies are susceptible to confounding factors, further interven-
tion studies are needed to explain these inconsistent findings.
We additionally found positive associations of nisinate (24:6n3)
and docosatrienoate (22:3n6)* with CRC. In rodents, nisinate
(24:6n3) is both a product of and a precursor to docosahexaenoic
acid in the n-3 PUFA biosynthetic pathway, and docosahexaenoic
acid has been reported to influence the invasion in CRC cells (28).

Our findings also suggested a potential role of phosphatidyl-
choline and choline metabolites in CRC development.
Phosphatidylcholine is a structural component of mammalian
membranes and an important source of lipid second messengers;
it has been reported to be closely involved in carcinogenesis (29).
Choline metabolites are derived from the synthesis and catabo-
lism of phosphatidylcholine, and the phosphatidylcholine cycle
of synthesis and catabolism helps maintain the proliferative phe-
notype of tumor cells and supports tumor progression and culmi-
nate in resistance to therapy (30). Consistently, we found a
detrimental effect of plasma arachidonoylcholine (an acylated
derivative of choline) on CRC. We found that genetically pre-
dicted higher levels of plasma 1-stearoyl-2-arachidonoyl-GPC

(18:0/20:4), 1-palmitoyl-2-arachidonoyl-GPC (16:0/20:4n6), and 1-
palmitoyl-2-docosahexaenoyl-GPC (16:0/22:6) and lower levels of
1,2-dilinoleoyl-GPC (18:2/18:2) and 1-linoleoyl-2-linolenoyl-GPC
(18:2/18:3)* were associated with an increased risk of CRC, which
expanded the causal evidence of PC subclass metabolites with
CRC.

We observed detrimental effects of plasma mannose and uri-
nary lactose and the protective effect of plasma galactonate on
CRC. Consistently, Long et al. (9) found that patients with CRC
had higher levels of mannose than controls. A randomized con-
trolled trial indicated that intake of lactose-rich foods increased
the risk of diarrhea in patients with CRC (31). Galactonate is a
metabolic breakdown product of galactose, a monosaccharide
that together with glucose forms lactose. Intestinal galactose
shows a protective effect against colon cancer through binding
lectins and inhibiting mucosal proliferation, and the lower level
of galactose leads to the pathogenetic process of CRC (32).
y-Glutamylthreonine is a dipeptide composed of y-glutamate and
threonine. Both our study and a previous Mendelian randomiza-
tion study reported a positive association between blood y-gluta-
mylthreonine and CRC (12).

The identified metabolites could be modulated by either phar-
macological intervention or modifiable factors. Specifically, 2
metabolites (sphingomyelin, lactose) could be modulated by
drugs used to treat acid sphingomyelinase deficiency or irritable
bowel syndrome. Also, avoiding excessive consumption of food
products containing lactose could be efficient. Nine of the identi-
fied CRC-related metabolites were observed to be affected by
modifiable factors. The identified metabolites partially mediated
the effect of Actinobacteria, BMI, waist to hip ratio, fasting insu-
lin, and smoking initiation on CRC. The positive association
between Actinobacteria and CRC was found to be mediated by
higher levels of urinary lactose and decreased levels of plasma
galactonate. Similarly, a nested case-control study reported that
compared with controls, patients with CRC had more abundant
oral Actinobacteria (33). Other studies also showed that
Actinobacteriota was 1 of the dominant colonic mucosal micro-
biota in patients with CRC (34) and has shown abundance even in
the colorectal adenomas stage (35). Because these results are
derived by retrospective studies, however, they may be due to
reverse causality. The association of Actinobacteria with lactase
gene (LCT) has previously been documented, suggesting an inter-
action of Actinobacteria with the gut and lactose metabolism
(36). Consumption of lactose may increase its availability in
colonic bacteria (such as Actinobacteria and Negativibacillus)
that use it as the energy source for which to compete, especially
for adults with lactase deficiency (36). An abundance of
Actinobacteria may lead to metabolic disorders of lactose and
galactonate and could contribute to an increased CRC risk.
Plasma mannose was found to partially mediate the relation-
ships of smoking initiation, BMI, and waist to hip ratio with CRC.
Similarly, Long et al. (9) found a statistically significant joint
effect of smoking with mannose and a statistically significant
interaction between BMI and mannose in modifying CRC risk. We
found that fasting insulin was positively associated with CRC and
that the association was partially mediated by plasma 1-ligno-
ceroyl-GPC (24:0) and 1-linoleoyl-2-linolenoyl-GPC (18:2/18:3)*.
Gut microbiota, obesity, insulin resistance, and smoking have
been linked to the etiology of CRC by abundant evidence from
observational studies (37). We expanded the causal evidence and
elucidated the potential etiologic metabolic pathways of these
modifiable factors with CRC.
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The current study has several strengths. First, to our knowl-
edge, this study is the first to comprehensively evaluate the
causal associations of metabolites from plasma and urine with
CRC, which helps provide new insights into the etiology and
potential therapeutic targets for CRC. Second, the present study
was performed by employing Mendelian randomization design
and colocalization based on well-designed GWASs with large sam-
ple sizes, which enhanced the statistical power and reduced the
risk of confounding bias and reverse causation. Additionally, we
assessed the mediating role of CRC-related metabolites in modifi-
able factors and CRC, which provided new insights into the etio-
logic pathways of modifiable environmental factors with CRC.
Several limitations of this study should be acknowledged, as well.
First, the strict significance threshold of Bonferroni correction in
discovery Mendelian randomization may filter out some impor-
tant metabolites, although these findings may be less prone to
false-positive errors. Second, instrumental variables for gut micro-
biota in multivariable Mendelian randomization stage were
selected at a more lenient threshold value (P<5x 107°), as indi-
cated by the original microbiome GWAS of MiBioGen consortium
and other Mendelian randomization studies that the selection of
associated SNVs using lenient P value thresholds had the greatest
explained variance on microbial features (38,39). The F statistics of
all instrumental variables used in the current study were above
10, indicating low risk of weak instruments bias. Third, partici-
pants of urine metabolites GWASs had reduced kidney function,
which may not be representative of the general population,
despite the relevant genetic effects on most urine metabolite con-
centrations between individuals with reduced kidney function and
the general population (19). Further studies based on the general
population are required. Fourth, the mediation effects of modifi-
able factor-metabolite-CRC pairs were discovered mainly by stat-
istical analysis. Further experiment research is needed to verify
these findings and elucidate the underlying biological mechanism.

This study identified key metabolites with a potential causal
association with CRC risk and elucidated the metabolic media-
tors of the effect of modifiable risk factors on CRC. Our findings
provide new insights into the etiology and potential therapeutic
targets for CRC and the etiologic pathways of modifiable environ-
mental factors with CRC. Further interventional studies are
needed to evaluate whether the concentrations of these metabo-
lites could be modified through drug intervention or lifestyle
changes and ultimately reduce CRC risk.
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