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Integrative polygenic analysis of
the protective effects of fatty acid
metabolism on disease as
modified by obesity

Courtney Astore and Greg Gibson*

Center for Integrative Genomics and School of Biological Sciences, Georgia Institute of Technology,
Atlanta, GA, United States

Dysregulation of fatty acid metabolites can play a crucial role in the progression
of complex diseases, such as cardiovascular disease, digestive diseases, and
metabolic diseases. Metabolites can have either protective or risk effects on
a disease; however, the details of such associations remain contentious. In
this study, we demonstrate an integrative PheWAS approach to establish high
confidence, causally suggestive of metabolite—disease associations for three
fatty acid metabolites, namely, omega-3 fatty acids, omega-6 fatty acids,
and docosahexaenoic acid, for 1,254 disease endpoints. Metabolite—disease
associations were established if there was a concordant direction of effect
and significance for metabolite level and genetic risk score for the metabolite.
There was enrichment for metabolite associations with diseases of the
respiratory system for omega-3 fatty acids, diseases of the circulatory system
and endocrine system for omega-6 fatty acids, and diseases of the digestive
system for docosahexaenoic acid. Upon performing Mendelian randomization
on a subset of the outcomes, we identified 3, 6, and 15 significant diseases
associated with omega-3 fatty acids, omega-6 fatty acids, and docosahexaenoic
acid, respectively. We then demonstrate a class of prevalence-risk relationships
indicative of (de)canalization of disease under high and low fatty acid metabolite
levels. Finally, we show that the interaction between the metabolites and obesity
demonstrates that the degree of protection afforded by fatty acid metabolites
is strongly modulated by underlying metabolic health. This study evaluated the
disease architectures of three polyunsaturated fatty acids (PUFAs), which were
validated by several PheWAS modes of support. Our results not only highlight
specific diseases associated with each metabolite but also disease group
enrichments. In addition, we demonstrate an integrative PheWAS methodology
that can be applied to other components of the human metabolome or other
traits of interest. The results of this study can be used as an atlas to cross-
compare genetic with non-genetic disease associations for the three PUFAs
investigated. The findings can be explored through our R shiny app at https://
pufa.biosci.gatech.edu.
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1 Introduction

The human body contains thousands of circulating metabolites
that are critical for maintaining homeostasis across several vital
pathways. Because metabolites serve as mediators supporting energy
metabolism for metabolic pathways, they can be evaluated as possible
biomarkers and therapeutic targets of disease (1, 2). Additionally,
metabolites can also be referred to as endophenotypes, which serve as
intermediate phenotypes affected by environmental exposures that
influence the risk of diseases (3). Although it is evident that
dysregulation of metabolites can yield disease, comprehensive
significant exposure-outcome associations are yet to be evaluated.

Essential polyunsaturated fatty acids (PUFAs) have long been
investigated for their roles in development and disease progression. It
is generally acknowledged that omega-3 fatty acids, particularly
a-linolenic (ALA), eicosapentanoic (EPA), and docosahexanoic
(DHA) acids, are anti-inflammatory and, to some extent, protective
with respect to multiple classes of disease, including autoimmune,
cardiovascular, neuropsychiatric disease, and cancer (4-7). However,
recent meta-analyses of the effects of dietary supplementation have
failed to find significant replicated benefits (8-10). Consequently,
support for widespread adoption by healthy individuals is lacking, and
conversely, there is some concern that they may be harmful in excess,
for example, inducing gastrointestinal bleeding or atrial fibrillation (cf.
11, 12). Alternatively, it is also clear that Western diets have recently
greatly elevated the ratio of omega-6 to omega-3 PUFAs, and since the
former increases the production of inflammatory cytokines of the
prostaglandin and eicosanoid families, a detrimental effect of modern
diet is implicated. Plant oils are a primary source of ALA, which can
be elongated in the body to generate DHA, which is also enriched in
certain fish oils. PUFAs also indirectly regulate disease risk through
modulation of the gut microbiome (13, 14), which, in turn, influences
immune and mental health.

Historically, relationships between PUFAs and disease have been
explored through correlational disease-specific studies, asking
whether there is a mean difference between the abundance of a
specific metabolite and the condition. Such studies do not allow
inference of causation, since correlations may be due to confounders,
with which the metabolite is itself correlated, or differences may arise
after the onset of the pathology. Genetic associations bring us a step
closer to causation, as a difference in mean polygenic score that
predicts metabolite abundance between cases and controls should not
be influenced by confounding exposures. Even more directly,
Mendelian randomization (MR) studies have recently attracted much
attention, as they evaluate the genetic effect of modifiable exposure,
such as metabolites, on an outcome (15-17). MR tests the hypothesis
that there is a correlation between the effect size of genetic variants on
metabolite levels and the effect size of those variants on disease. There
are assumptions about MR genetic instruments, including that they
must be associated with the exposure trait, that they are not associated
with the outcome trait via another mechanism, and that the
association with the outcome occurs only through exposure. Rejection
of the null that there is no such correlation, after correction for
possible influences of pleiotropy, provides strong evidence that the
metabolite is causally implicated in disease risk or prevention.

To date, several dozen studies have used MR to evaluate the role
of PUFAs in a variety of diseases. We and others used more than two
dozen genetic instruments associated with omega-3 fatty acids (w;FA)
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at genome-wide significance levels, to establish that m;FA protected
against the onset of inflammatory bowel disease (15, 18, 19). Since a
high ratio of o to ; was found to elevate risk, this analysis provided
further evidence for the anti-inflammatory benefits of m;FA, and this
conclusion also applies to protection against atopic dermatitis (20) and
severe COVID-19 (21). Similarly, MR has shown that ALA, but not
EPA or DHA, is protective against ischemic stroke (22), as well as
certain types of cancer (23, 24) (esophageal, colorectal, and lung) but
not others (reproductive, nervous system, or blood), and has also
questioned whether ®;FA protect against major depression,
schizophrenia, or anorexia nervosa (25-27) or various cardiovascular
disease endpoints (28). Conversely, it has also been suggested that
®;FA may be a risk factor for epilepsy (29). Given widespread beliefs
that w;FA provides protection against many diseases, there is a
pressing need for a well-powered genetic evaluation of causality.

Large-scale biobank studies provide an opportunity to perform
such evaluations in a relatively unbiased manner (30). Here, we utilize
the UK Biobank cohort study of over 500,000 United Kingdom
residents to evaluate PUFA-disease associations with over 1,300
diseases. We restrict our analyses to white British (European ancestry)
subjects to avoid complications of population stratification, and after
quality control, we identified over 190,000 individuals with w;FA,
®sFA, and DHA abundance data and whole genome genotypes and
used four approaches to evaluate metabolite-disease associations:
direct measurements, polygenic risk score (PRS) association, MR, and
PRS-by-obesity interactions. Hereafter, we use PRS-d to refer to the
polygenic risk score for a disease and PGS-m to refer to the polygenic
score for a metabolite. We find that the three PUFA measures are all
overwhelmingly protective for upward of 170 different conditions but
with differing enrichments for respiratory, endocrine/metabolic, and
gastroenterological diseases. Furthermore, genetic mediation of
protection shows unexpectedly high modulation by obesity status,
which sometimes overwhelms the genetics and sometimes exacerbates
it differently for waist-to-hip ratio (WHR) and body mass index (BMI)
stratification. We interpret these findings in the context of canalization
of the evolved risk of disease (31, 32).

2 Materials and methods

2.1 Study cohort

Participants were ascertained from the UK Biobank (UKB), a
cohort study of approximately 500,000 individuals from the
United Kingdom and multiple ancestries, although predominantly
European ancestry. For this analysis, previously imputed genotype and
phenotype data were utilized. Analysis of the UKB data was performed
under the approval of project number 17984.

The imputed genotype data, released in May 2017, covering 96
million variants, were extracted and filtered for bi-allelic variants,
imputation score > 0.9, MAF > 1%, Hardy—Weinberg equilibrium value
of p >107", and missing rate <5%. This resulted in approximately 8
million SNPs observed in 487,409 individuals.

Individual-level phenotype data, covering clinical outcomes,
quantitative measurements, and touch-screen responses, were
extracted from the UKB Data Showcase in November 2023.
We restricted the analyses to unrelated (no kinship found; field ID:
22021), white British (field ID: 22006) individuals whose genetically
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assessed sex (field ID: 22001) was the same as their self-reported sex
(field ID: 31) and individuals who do not have sex chromosome
aneuploidy (field ID: 22019). In addition, we restricted the cohort
analyses to individuals having phenotypic information for the selected
covariates, such as age (field ID: 21022), sex (field ID: 31), first 10 PCs
(field ID: 22009 a{1:10}), BMI (field ID: 21001), waist circumference
(field ID: 48), and hip circumference (field ID: 49). Individuals who
had elected to withdraw from the UKB study at the time of data
accession were excluded. This resulted in 276,169 individuals after the
imputed genotype and phenotype data quality control (QC). A
preliminary analysis was also performed on 121,643 members of the
cohort whose metabolite data were available in 2022 and that included
siblings and other individuals with kinship.

2.2 UKB fatty acid metabolite levels

There are approximately 280,000 individuals in the UKB with
reported metabolite levels after the September 2023 data release. Of
these, we analyzed only individuals with genotypes, passing the
sample QC filters, which resulted in a sample size of 101,793.
Metabolite levels were extracted for m;FA (field ID: 23444), osFA (field
ID: 23445), and DHA (field ID: 23450). In addition, the metabolite
level QC flags were extracted for ;FA (field ID: 23744), wcFA (field
ID: 23745), and DHA (field ID: 23750). If a QC flag field for a given
metabolite reported a warning (e.g., unknown contamination), that
metabolite level for the individual was removed. We had 155,486,
155,494, and 155,476 individuals passing QC for m;FA, wsFA, and
DHA, respectively. For individuals with more than one reporting of
the metabolite level, the median of the levels was taken. A metabolite
Z-score for the metabolite level was evaluated using the following
formula: z = T , where x is the median metabolite level for an
individual, y is the mean of the median metabolite levels in the
sample, and o is the standard deviation of the median metabolite level.

2.3 UKB disease cohorts

ICD-10 summary diagnosis codes were extracted from UKB to
create case and control cohorts using the case inclusion and control
exclusion criteria for each disease-specific phenotype code (phecode)
using the phecode mappings' (33). There were 1,755 potential disease
endpoints to assess; however, only diseases with at least 50 cases were
analyzed, which resulted in the evaluation of 1,254 diseases and
disease sub-types.

2.4 Non-genetic associations of fatty acid
metabolites and diseases

Logistic regression models were implemented to assess the
association between each Z-scoreypone and disease phecode (case
versus control). Age, sex, age’, and the first 10 global genotypic
principal components were included in the model as covariates.

1 https://phewascatalog.org
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Disease status ~ Zscoreygerapolite + age

+sex + age2 + PCy+...+ PCyp

2.5 Genetic associations of fatty acid
metabolites and diseases

Supplementary Table S1 summarizes the details, including the
sample size, population, and references for each GWAS summary
statistic utilized. The Bayesian approach to PRS calculation, PRScs
(34), was used, estimating posterior SNP effect sizes under continuous
shrinkage (CS) priors for each GWAS summary statistic using the UK
BioBank European linkage disequilibrium (LD) reference panel.> The
inferred posterior effect sizes were then used to generate PGS-m or
PRS-d across chromosomes using PLINK’s score function and then
summed for each individual (35). Logistic regression models were
performed to assess the association between each scaled polygenic
score for the metabolite (PGS-m) and disease phecode (case versus
control). Age, sex, age?, and the first 10 global principal components
were included in the model as covariates.

Disease status ~ PGS, + age + sex + age2 +PCi+...+ PCyo

2.6 Assessment of suggestive fatty acid
metabolite—disease associations

A multiple testing value of p threshold of 6.65x 107 (0.05/(1,254
(number of diseases)*(3 (PUFA metabolites)*2 (Z-score and
PGSpebolite)))) Was applied for assessing the significance of the
metabolite-disease non-genetic and genetic associations. A fatty acid
metabolite-disease association was inferred if there were overlapping
significant non-genetic and genetic associations with concordant
directions of effect (OR >1=Risk or OR < 1 =Protective).

2.7 Evaluation of phenotypic differences
across fatty acid metabolites

Concordant and discordant disease associations across the three
metabolites were evaluated to identify shared diseases and diseases
unique to each metabolite. A relative risk (RR) score for each disease
group was computed for each metabolite to determine if the
metabolites have distinct disease areas of association. The RR was
computed by evaluating the number of significant diseases in a disease
group (Niignificant diseases in group )» the total number of significant
diseases (Ngignificant diseases)> the total number of diseases in the group
(Niseases in group)’ and the total number of diseases (Nyozar discases)-
The calculation is as follows:

2 https://www.dropbox.com/s/t9opx2ty6ucrpib/ldblk_ukbb_eur.tar.gz
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N significant diseases in group

RR = N significant diseases

Niseases in group

Niotal diseases

Fisher’s exact test was used to develop a contingency table to
evaluate the significance of the RR:

N N, significant diseases
significant diseases in group o ) .
—IVsignificant diseases in group

N . Niotal diseases
diseases in group ~Niseases in eroup

A multiple testing value of p threshold was applied to control 15
disease groups with at least 1 significant disease, such as a value of p
threshold of 0.0033 (0.05/15).

2.8 MR evidence of suggestive fatty acid
metabolite—disease associations

There were 184 unique significant diseases across the 3 fatty acid
metabolites. Each of the 184 diseases was manually mapped by its
name to a well-powered GWAS summary statistic available in the
OpenGWAS database (36). These diseases were mapped based on
having an exact match as per the phecode name or by having a
synonymous or close disease term. Information on the exposure
(metabolite) and outcome (disease) GWAS summary statistics (e.g.,
trait name, sample size, etc.) used for performing MR can be found in
Supplementary Table S1. Two-sample Mendelian randomization (17)
was performed to assess the causal association between the three
metabolites as exposures and the 184 diseases as outcomes. The same
MR and the instrumental variable outlier detection and removal
approaches described in our previous study were applied (15). A
nominally significant p-value threshold of 0.05 was applied using the
inverse variance weighted (IVW) MR method to determine significant
associations (16). We also applied the weighted median test and
highlighted associations with both IVW and weighted median signal
in the resulting figure. Because the suggestive fatty acid metabolite-
disease associations were all protective, we only assessed MR
associations with OR<1. The OR of the suggestive and causal
associations for each metabolite was then compared.

2.9 Canalization of PUFA metabolites on
disease

To assess the dependency of PUFA metabolites on disease,
we adapted an approach defined by Nagpal et al. (32), to assess
potential canalizing effects. Canalization of the PUFA metabolites on
disease was evaluated for a few metabolite-disease associations with
metabolite, metabolite PGS, and MR support. The PRS-d for
cholelithiasis, major depressive disorder, and diabetic retinopathy was
computed using the same approach as the metabolites. The GWAS
summary statistics from which the variant weights were derived are
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presented in Supplementary Table S1. These diseases were selected as
they had not only non-genetic and genetic support for at least one of
the metabolites but also MR support. Specifically, we evaluated
canalization for the following associations: cholelithiasis and w;FA,
major depressive disorder and w;FA, cholelithiasis and w¢FA, diabetic
retinopathy and weFA, cholelithiasis and DHA, and major depressive
disorder and DHA. To evaluate canalization of the PUFA metabolites
on disease, the cohort was first dichotomized by the Z-scoreyepolies
whereby high  (Z-scoreyeupolite = Huetaboiie)  and — low  groups
(Z-scorepperbolite < Mnvietabolite) Were defined by being above or below the
mean, respectively. Next, the prevalence for the disease was computed
for 100 bins of the PRS-d for the high and low cohorts. We then
evaluated the PRS-d percentile versus the prevalence of the disease for

high/low PUFA metabolite.

2.10 Interaction between PUFAs and body
weight measurements on disease

BMI (field id: 21001), waist circumference (field id: 48), and hip
circumference (field id: 49) were extracted from the UKB. For
individuals with more than one reporting the body weight
measurement, the median of the available measurements was taken.
Next, the waist-to-hip ratio was computed using the median values
for waist circumference and hip circumference (i.e., waist
circumference/hip circumference). A Z-score was evaluated for
BMI and waist-to-hip ratio using the following formula:
Z- SCOTChody weight measurement = i
measurement, p is the mean of theTnedian measurement, and A is

, where x is the median

the standard deviation of the measurement. To evaluate the genetic
and non-genetic interactions of the suggestive metabolite-disease
associations, the associations were then subjected to logistic
regression models, assessing the interaction between the genetic
(PGS,,) and exposure (Z-scoreyeunoire) effects with the two body
weight measurements, BMI and waist-to-hip ratio on the outcome
disease. The constructed models were as follows:

Disease status ~ PGSy, + Z — scoreBody weight measurement
+PGSy *Z - SCOICRody weight measurement

+age +sex + age2 +PCy+...+PCyg

Disease status ~ Z — sCOreMetabolite
+Z — SCOreBody weight measurement T Z — SCOI€Metabolite * Z

2
—SCOTEBody weight measurement + g€ + sex +age” + PCy +...+ PCyg

In addition, we ran the same models using obesity status for BMI
and WHR, instead of the Z-Scoregqqy weight measurement- 1€ cohort was
divided into two cohorts for each body weight measurement, BMI and
WHR, defining obese and non-obese by standard cutoff values. The
BMIopee group had individuals with a BMI > 30, while the BMIyon obese
group comprised individuals with a BMI<30 (37). The WHRgpese
group had individuals with a WHR > 0.85 for women and WHR >0.95
for men, and the WHRynopese group had individuals with a
WHR <0.85 for women and a WHR <0.95 for men (38).
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2.11 Canalization of body weight
measurements and obesity on PUFA
metabolites and the impact of it on disease

A set of disease-metabolite associations identified by the
aforementioned interaction models, assessing PUFA metabolites
and weight measurements on disease, were further used to assess
the potential events of canalization of the body weight
measurements on PUFA metabolites and the impact of it on disease.
Specifically, type 2 diabetes and w; fatty acids, obstructive chronic
bronchitis and w;FA, type 2 diabetes and DHA, chronic obstructive
bronchitis and DHA, and diaphragmatic hernia and DHA. The
cohort was divided into two sets for each body weight measurement,
with BMI and WHR defined as obese and non-obese using standard
cutoffs reported in the previous section. The prevalence for the
disease was computed for 100 bins of the PGSyeiaboiie for the obese
and non-obese body weight measurement cohorts. To quantify
canalization, we first computed delta observed, which is the
difference between the extreme 2% right and left tail differences of
the obese and non-obese groups. We then computed delta expected,
which is the difference between the right and left tail differences,
simulating the disease prevalence for 10 iterations and assuming
equal variance in each percentile group. These two values were then
used to compute delta departure, a scaled estimate of the departure
between observed delta and expected delta, a measure of
canalization. More information on this approach is explained in the
study by Nagpal et al. (32).

3 Results

3.1 Direct clinical and polygenic PUFA—
disease associations

Assessment of the direct association of three PUFAs with over
1,200 prevalent diseases or clinical conditions revealed that DHA was
the most associated, followed by w6FA and w;FA. A total of 170
significant (p-value <6.65 x 107°) disease associations with o;FA were
observed, of which 165 were protective associations (OR<1) and 5
were risk associations (OR > 1). The five risk associations for w;FAs
were uterine leiomyoma (OR=1.08; 95% CL 1.05-1.11;
p-value=1.07x10"°), hyperlipidemia (OR=1.10; 95% CI: 1.07-1.14;
p-value=8.19x107""), hypercholesterolemia (OR=1.11; 95% CI:
1.09-1.13; p-value=1.47 x 10~*), mixed hyperlipidemia (OR=1.36;
95% CI: 1.19-1.54; value of p=1.91x107°), and gout (OR=1.13; 95%
CL: 1.09-1.18; value of p=7.97x107"). Similarly, 236 significant
disease associations were observed for w¢FAs, all of which were
protective. There were 285 significant disease associations with DHA,
of which 284 were protective associations and 1 was risk association,
for contracture of palmar fascia [Dupuytren’s disease] (OR =1.12; 95%
CL: 1.07-1.18; p-value=3.25x1077). The summary statistics for the
significant non-genetic disease associations for ®;FAs, wFas, and
DHA are demonstrated in the “Disease-Metabolite level associations”
tab on https://pufa.biosci.gatech.edu and Supplementary Table S2.
Notably, 22.4% of the significant DHA non-genetic protective disease
associations did not overlap with those detected with m;FAs or w¢FA,
while wsFA and w;FA only yielded 14.7 and 0.6% of unique disease
associations, respectively.
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Next, we evaluated whether the PGS for each metabolite was
associated with the diseases. The results were strongly concordant with
the direct clinical assessments, but since only ~50% of each metabolite
level is explained by the PGS, fewer associations were observed. There
were 33 significant (p-value <6.65x 107°) diseases for @;FA, of which
31 were protective associations (OR< 1) and 2 were risk associations
(OR>1). The two risk associations for ®;FA genetics were
hyperlipidemia (OR=1.13; 95% CI: 1.10-1.17; p-value=6.5x107'¢)
(OR=1.13; 95% CIL 1.11-1.14;
p-value=1.5x10"%). There were 50 significant diseases for wsFA, of

and hypercholesterolemia

which 48 were protective associations and 2 were risk associations.
The two risk associations were also hyperlipidemia (OR=1.07; 95%
CL: 1.04-1.05; value of p=2.0x10"°) and hypercholesterolemia
(OR=1.10;95% CI: 1.08-1.11; p-value=9.0x 10~*?). Additionally, 139
significant disease associations were detected for DHA, of which 138
were protective associations and 1 was risk association, for prostate
cancer (OR=1.06; 95% CI: 1.04-1.09; p-value=2.3x107°). The
summary statistics for the significant genetic disease associations for
®;FA, osFA, and DHA are presented in https://pufa.biosci.gatech.edu
“Disease-Metabolite PGS
Supplementary Table S3. With the non-genetic associations, 58.5% of

on the associations” tab and
the DHA PGS associations were distinct from those observed with
®;FA and osFA. In contrast, 99.3% of the w;FA genetic disease
associations overlapped with either wsFAs or DHA, while 4.8% of
o¢FA genetic disease associations were unique to ®sFA levels.

Additionally, we characterized the directional similarity of
protective disease associations, which is significant for both the
clinical and genetic assessments. Figure 1A shows the 31, 47, and 136
cases for w;FAs, wsFAs, and DHA, respectively. Despite the large
number of ®;FA and ®sFA indications, DHA has an additional 58% of
its associations as distinct. Strong overlap, as shown in Figure 2A, is
expected since the correlation of the three PUFA polygenic scores is
greater than 0.85 for m;FAs and DHA and approximately 0.4 for o¢FAs.

Enrichment for associations in each of the 15 disease groups was
quantified for each metabolite by computing a relative risk (RR) score
defined as the ratio of the proportion of significant diseases due to the
group, to the proportion of each group in the total number of diseases
(see Methods section). These scores are presented in Figures 2B-D for
each metabolite, and the cross-correlations are presented as a circos
plot in Figure 2E. Notably, w;FAs were enriched for endocrine/
metabolic and respiratory conditions, and DHA was enriched for
digestive diseases, while wsFAs were more likely to be attributed to
diseases of the circulatory and endocrine/metabolite systems. Overall,
neoplasms and musculoskeletal disorders were under-represented, as
they were not significantly impacted by PUFA metabolites. While
mental health disorders are also generally not associated, below we do
explore the impacts of the metabolites on major depression.

3.2 Body weight by PUFA interaction
influencing disease prevalence

For each of the diseases associated with both metabolite and
PGS-m measures, we next asked whether these associations are a
function of two measures of body weight and obesity cutoffs, by fitting
logistic regression models and evaluating the significance of
These
Supplementary Figure SI, where we show the diseases for each

the interaction terms. results are presented in

frontiersin.org


https://doi.org/10.3389/fnut.2023.1308622
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org
https://pufa.biosci.gatech.edu
https://pufa.biosci.gatech.edu

Astore and Gibson

10.3389/fnut.2023.1308622

Varicose veins of lower extrermity
Circulatory disease NEC|
Auial ibrilation and flutter

Gastritis and duodenitis
Cholelithiasis|

Celiac disease
Caloulus of bile duct|

Vitamin B-complex deficiencies|
Type 2 diabetes with ophthalmic manifestations|
Type 2 diabetes

Type 1 diabetes|

Obesity|

Hypothyroidism NOS|

Diabetic retinopathy

Urinary tract infection
Chronic renal failure [CKD]|
Acute renal ailure,

Other anemias|
Iron deficiency anemias, unspecified or not due to blood loss

Candidiasis

Rheumatoid arthrits|

Cancer of bronchus; lung

Pneumonia)
Pneumococcal pneumonia

Pleurisy; pleural effusion

Other diseases of respiratory system, NEC|
Obstructive chronic bronchitis|

Emphysema

Chronic airway obstruction

Nausea and vomiting|
Edemal

B

OR (95% Cl)
Association type  Genetic (PGS-M)  Nongenetic

70

Unstabl anging (imermediats coronary syndrore)
Other specified cardiac dysthythmias
Other forms of chronic heart disease
Other chronic ischemic heart disease, unspecified
Myocardial mmuon

Hypertensive chroni Kidne
Heart e NOS
First degree AV block
Essential hypertension|
Coronary athefosclerosis
Congestive hear! falure (GHF) NOS
Girculatory disease NEC|

Car

‘Auial fibrillation and flutter
ina pectoris,

Chronic ulcer of leg or foot

onstipation|
Cithosis of ver without mention of slofo
Celiac disease|

Jypo 2 diabetes with renal
Type 2 diabetes wit
Type 2 diabetes with nema\ogma\

Type 2 diabetes

Type 1 diabetes with

Type 1 diabetes|
esil

Hypothyroidism NOS|

Hypoglycemia

Diabetic retinopathy

Diabetes type 2 with penpheval cwcmatmy disorders

inary tract ifection
Ghvortt el s (GKD)
Chronic Kidney Disease, Stage Il
ute renal ailure

r anemias|
Iron deficiency anemias, unspecified or not e bod oas

Superficial injury without mention of infection

Sleep apnea|

Circulatory
System

Digestive

Endocrine/
Metabolic

Genitourinary

Hematopoietic

Infectious
diseases.
Musculoskeletal

Neoplasms

Respiratory

Symptoms

Circulatory
System

Dermatologic

Digestive

Endocrine/
Metabolic

Genitourinary.

Hematopoietic
Inj. & poison

Shortness of breath)

Pneumococcal pneumonial
Obstructive chronic bronchitis

Emj
Chronic airway obstruction|

Malaise and fatigue

FIGURE 1

04 06 0
OR (95% CI)

Association type - Genetic (PGS-M) » Nongenetic

Respiratory.

Symptoms

Unstable angina (intermediate coronary syndrome)
Tachycardia NO:

Puimonary embolism and infarcton, acute

ain|

Perigheral vascular discas, unspeciied!

iher forms of chronic Heart disease)

Other chronic sohemic hear disease, un sl

Ortposiatic| ‘nypton:

Myocardial m«arcuoog

Hypertensive chronikeiney diseass)

Hear fafuro NOS

il hype on|
AR A

Congeslwe hean  dlure (CHE) N
Chronic pu\monary oot disonss
rebral ischemia

Al foriation and 4 oo
Angina pectoris

* Circulatory.
. System

Otherlocal nfections of sin and subcitaneobe tssue
ecubilus ulcer|
Chronio ulcer of g or oot

. Dermatologic

Utcer of esophagus
Symptoms mvﬂ\mnaﬂl?eslw System|
x esophagils

Personal history of diseases of digestive syster
Peritoneal adhesions (postoperative) (puslmfeamn
speciled gastis

Othr disordegs of slomach
Sordors ofbitary tract

Other chronic nonaigonorc ver diee
Noninfectious gastroepterits

Gastis and duodonits
Esophagitis, GERD and relal
Esophageal bleeding 4vancesmemormage)
i
lodenti
Disordrs o ssophageal motity
a a:\c‘ hemia
Centa

hon
Girthosi of ver without mentiosof Sicah)

S elinias wih Ot tholoaystia

Cholelnasis wih acute cholecysiis

lelithiasis,

Cholecystis without cholaiiniasis

Barrett's esophagus
‘Acute pancrealitis

. Digestive

itamin B-complox defcioncios
Jypa 2 dabetes win ondl maniesiator

Type 2 diabetes with ophihalmic mamleslanons

Type 2 diabetes with neurological m:

2 dal beles

Vb 1 diabetes

Thyrotasiosts with &7 oL ulgoter

Hypovolemia

Hypothyrodism NOS

ypoglycemia

Diabetic refinopathy

Diabetos typo 2 wih perpheral circulalory disoidors

e

. Endocrine/
. Metabolic

Urmary tractinfecton
Jinery inconinence
ey, acqured

iR paral )
Cmroni€Ridnsy Bceace: Staae 1
Acute renal failure

. Genitourinary

Pornicious anemia
Other anemias|
Cymonadeniis

Iron deficiency anemias, unspecitied or not duso biood 1053

"y Hematopoietic

Viremia, NOS|
Viral Entertis
Staphylococcus m'ecuons
Septicem:
Postoperative nfection
col
Candidiasis
Bacterial infection NOS|

. Infectious
. diseases,

Sepsis|
Poisoning by analgesics, antipyretics, and antirheuratics|
‘Complications of ransplants and reattached limbs
Allrgylacverss afect o penictn
er|
Adverse effects of sedatives or ther central nervos system depressants and anesinelics
se drug events and drug allergies

. Inj. & poison

Major depressive d.samer\

o Mental disorders

Sponciyosis wihout myelopathy
alot artmits

ain in joint

Osteoarthrosis, localzed, pririary
Osteo hrosws Eensrahzsg

OsooA e

Cancer of bronchus; lung
Benign neoplasm of colon|

. Neoplasms

Slegp apnea
Othey peripheral nerve disorcrs
Olhor hegdacho syndiomes
ormality of gait

. Neurological

ess of reath
Respigony manicinty
Respiratory failure|
Postinflammatory puimonary fibrosis

533

Other diseases ofrespialory system, NEG
Other aveolar and pagiotoalveolar phot mongpainy
Obsirucive chronie bronchits

moplysis|

jsémal
Ghronic ainway obstiuction
Abnormal findings examination of lungs

. Respiratory

Senile cataracy
Dizziness and giddiness (Light-headedness and verlwg«g

. Sense organs

Syncope and collapse|
Symptoms involving nervous and musculoskelolal systems
Pain'in imi

and ommr\

Wyalgia and fycsiis oo
oise e Bigas

. Symptoms

Abdomina ban
X

Association type

6 08
OR (95% CI)

Genetic (PGS-M) * Nongenetic

®3FA, wsFA, and DHA concordant disease associations. OR and 95% Cl representing the genetic (PGS-m) and direct clinically significant protective
disease associations for (A) wsFAs, (B) mgFAs, and (C) DHA.

metabolite that were nominally significant from the interaction model
and also significant for metabolite and PGS-m measures. BMI is the
ratio of mass-to-zheight-squared and is thought to relate more to
eating behavior since GWAS findings are enriched for neuronally
expressed genes, whereas WHR is more likely to reflect metabolic
gene function (39-42). The two measures are highly correlated, but a
much higher proportion of women is characterized as obese using
standard WHR cutoffs (Supplementary Figure S2). Nevertheless,
significant interaction effects are overall quite similar for the two body
weight measures when comparing metabolite and PGS-m measures.

Although m;FAs have the fewest associations with disease, they
engage in the greatest proportion of interactions, approximately
one-third for both the metabolite and the w;FA PGS as compared with
less than a quarter for wsFAs or DHA. In addition, it is notable that DHA
shows more interaction effects with the genetic risk than with the
metabolite for diseases of the circulatory system, suggesting, for
example, that the protective effect of DHA on peripheral vascular
disease is predicted to be a function of obesity from the genetics, but this
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interaction is offset by dietary intake of DHA. Conversely, endocrine/
metabolic disease, particularly type 2 diabetes, shows the opposite trend,
showing a highly significant interaction between WHR or BMI and
DHA that is less obvious for the genetic component of the metabolite.
Considering specific interaction effects, both type 1 and type 2
diabetes seem to increase in w; fatty acid protective effect as weight
(measured as either BMI or WHR) increases, but type 1 diabetes is not
affected by interactions between body weight and DHA. Interestingly,
hypoglycemia has strong interaction effects with w;FA genetics. The
only statistically strong interactions involving wsFAs are with essential
hypertension, and with diabetic retinopathy, explored in more detail
in the next section. DHA and »;FAs also show a series of genetic and
direct metabolite interactions between obesity and multiple modes of
respiratory disease, including chronic bronchitis, airway obstruction,
and emphysema. A noteworthy interaction involving DHA and body
weight is with diaphragmatic hernia. Each of these cases illustrates the
importance of considering PUFA associations with disease as a
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Overlaps of disease classes with wsFAs, wsFas, and DHA. (A) Venn diagram demonstrating the overlap of significant protective clinical and genetic
disease associations across osFAs, wgFas, and DHA. (B—D) RR implying enrichment for each indicated disease group colored by significance. (E) Circos
plot representing the enrichment of each disease group across the three PUFA metabolites. The width of each ribbon is proportional to the number of
significant associations between each disease class and metabolite.

3.3 Mendelian randomization tab on https://pufa.biosci.gatech.edu, which includes the summary
statistics across five MR methods that have nominal
Further evidence that PUFAs are causally protective against  significance (p-value <0.05). In addition, these results are also
multiple diseases was sought by performing Mendelian randomization ~ presented in Supplementary Table S4. Notably, in all cases, the inferred
analyses using the inverse variance method (IVW) and the weighted effect is protective. Cholelithiasis (gallstones) is causally implicated for
median methods (14-16). Figure 3 illustrates the odds ratio per  ®;FAs and DHA. Major depression is specific to DHA, and wsFAs are
standard deviation of the metabolite, the PGS, or the mediating effect ~ uniquely likely to be causal for neurological and ophthalmic
of the PGS, for each of 3 w;FAs, 6 o¢FAs, and 15 DHA associations that ~ complications of both types of diabetes, and (like DHA) with diabetic
also have nominally significant MR results. These are also summarized ~ retinopathy. In contrast, DHA is multiply connected with gastric
in the “Metabolite~Disease Mendelian randomization associations”  diseases, with implications for dietary associations with gut health.
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FIGURE 3
MR-supported wsFA, m¢FA, and DHA disease associations. OR and 95% ClI representing from left to right the genetic (MR), polygenic (PGS-m), and
clinical protective disease associations supported by all three assessments for (A) wsFAs, (B) wsFAs, and (C) DHA.

3.4 Interaction between PRS for disease
and PUFA levels modulates disease risk

To further visualize the nature of the metabolite-PGS by body
weight interactions reported above, we next plotted the dependency
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of disease prevalence as a function of the PRS-d in individuals in the
top and bottom halves of the distribution of the metabolite, as shown
in Figure 4 as contrasting results. Notably, PRSchoelithiasiss PRSuajor depressive
disorder A0 PRSpietic retinopathy Nad p-values of 5.2x107'°, 0, and
6.9%x107%, respectively, evaluating the PRS-d performance on
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(De)canalization of polygenic risk for disease via PUFA dysregulation. (A) Prevalence of cholelithiasis versus PRScpoeitniasis: dichotomized by low versus high
A —scoreg, fatty acids- (B) Prevalence of major depressive disorder versus PRSyjor depressive disorger. dichotomized by low versus high Z —scoreg, fatty acids-
(C) Prevalence of Cholelithiasis versus PRSchoeiitniasis: dichotomized by low versus high Z —scoreg, fatty acids- (D) Prevalence of diabetic retinopathy versus
PRSpiabetic retinopatny dichotomized by low versus high Z —scoreq_ fatty acids- (E) Prevalence of cholelithiasis versus PRSchoeitiass: dichotomized by low versus
high Z — scoreppi4. (F) Prevalence of major depressive disorder versus PRSysjor depressive disorder. dichotomized by low versus high Z — scorepp4.
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predicting the disease via logistic regression models with DHA that
include covariates for age, sex, and 10 genotypic PCs. For cholelithiasis,
low w;FA, or even more strikingly DHA, is a particularly adverse risk
factor for intermediate levels of polygenic susceptibility. For major
depression, the disease prevalence also becomes more similar for
individuals with low DHA and the highest polygenic risk of
depression. These two phenomena can be regarded as examples of
canalization of disease since higher risk does not yield the expected
degree of increased prevalence. For diabetic retinopathy, high w¢FA is
protective essentially, regardless of polygenic risk, but the genetic
influence is strong in individuals with low wFA.

3.5 Obesity modifies the influence of
PUFAs on disease risk

Since obesity is both a metabolic and psychological disease, and
to some extent, PUFA levels reflect dietary consumption, we next
decided to investigate whether PUFA impacts on disease are modified
in obese individuals as defined by WHR and BMI. Using a similar
strategy, we further assessed the interactions between metabolite PGS
and disease prevalence as a function of a binary classification denoting
obesity status for WHR or BMI. Some representative examples are
shown in Figure 5. In each case, obese individuals have two-fold to
four-fold higher rates of disease, but the genetic predisposition for the
fatty acid has different effects. For example, the w;FA PGS protection
against chronic bronchitis is almost completely absent in obese BMI
individuals but exacerbated in WHR obesity. This situation is inverted
for diaphragmatic hernia since the DHA PGS is only a risk factor in
non-obese individuals as judged by WHR. Type 2 diabetes clearly
illustrates a case where DHA but not w;FAs is a whole influence
disease risk. For essential hypertension, almost half of all obese
individuals suffer from the condition, but higher levels of DHA seem
to be even more protective in the WHR-obese group, though BMI also
has an unexpectedly high dependency on the PGS.

To quantify interaction effects on this framework, we computed
the delta departure for each metabolite and body weight (obese/
non-obese) pair across the set of significant disease associations. Delta
departure is the difference between observed and expected deviations
in disease prevalence at the bottom and top two percentiles of the
polygenic score for each disease (32). Because we are assessing
protective associations, a positive delta departure implies that the two
curves for the obese and non-obese groups show less deviation than
expected (which can be interpreted as canalization) while a negative
delta departure represents greater deviation than expected (which can
be interpreted as decanalization). Full documentation of the delta
observed, delta expected, and delta departure is presented in
Supplementary Figures 53-58, and individual cases can be viewed on
our RShiny web application, https://pufa.biosci.gatech.edu. In
addition, canalization results are presented in Supplementary Table S5.

This analysis shows that there is a clear distinction between
WHR-obesity and BMI-obesity in how they modify the genetic
influence of PUFAs on disease prevalence in the UK Biobank. Notably,
®;FAs and DHA have some similar patterns in this analysis, which are
significantly different from those observed with wsFAs, as shown in
Figure 6. Focusing just on diseases in the digestive group (green),
endocrine/metabolic group (blue), or the circulatory system (pink),
there are clear tendencies with respect to the delta departure measure.
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Specifically, digestive diseases such as cholelithiasis have negative
measures for the 0;FAs and DHA PGS, implying enhancement of the
genetic effect regardless of the mode of obesity. For wsFAs, those are
circulatory conditions (including essential hypertension and coronary
atherosclerosis) that show this decanalization tendency, whereas such
conditions are canalized in the high BMI group.

4 Discussion

Thousands of reports have addressed the association between
PUFA and disease, but the literature is full of conflicting conclusions
and uncertainties. Likely reasons for variable repeatability include
heterogeneity in study design, participant attributes, analytical
methods, and small sample biases. Very large population biobank
studies overcome some of these difficulties, providing a relatively
unbiased approach to epidemiological assessment in hundreds of
thousands of individuals in whom hundreds of associations can
be evaluated simultaneously. Using a tiered evidence approach starting
with measurement of m;FAs, wsFAs, and DHA in just over 120,000
people reporting 1,350 different diseases or conditions, we confirm
that w;FAs generally and DHA specifically for the most part offer
protection against a wide range of morbidities, as do wsFAs, which
Then,
incorporating genetics in the larger sample of almost 500,000 people

may promote inflammation and metabolic disease.
reduces the number of significant associations, though it should
be noted that polygenic scores only capture half of the variance for
PUFA levels. Adding the stringent requirement for Mendelian
randomization evidence reduces causal support to just 22 diseases or
disease manifestations, which is still close to 2% of all of the
assessments. All of our findings reported here replicate observations
with a subset of the UKB cohort that included close relatives but only
the first half of the metabolite release, with only minor deviations.
While writing up this study, we became aware of a similar
PheWAS analysis of PUFA in the UK Biobank, which was reported by
Zagkos et al. (30) in February 2023. They emphasized the protective
influence of w;FAs for cholelithiasis (gallstones) and obesity,
contrasting with the risk for coronary heart disease posed by the
®¢FAs linoleic acid. They included a multivariable Bayesian MR
approach to tease apart the contributions of w¢FAs and w;FAs and
were able to independently replicate some findings in the FinnGen
cohort (43). While we do observe many of their significant effects, our
approach has uncovered additional associations and includes an
extensive evaluation of polygenic influences across exposure groups.
Major differences between the two studies include our use of the
Bayesian PRScs (34) approach to genetic prediction of metabolites,
performance of PRS-d association in the entire white British UK
Biobank cohort (they exclude individuals contributing to metabolite
measures), adoption of PRS-d from the OpenGWAS database (36),
and evaluation of just 3 of the 8 PUFA measures which reduce the
multiple comparison burden, all of which will have increased statistical
power. We think that it is useful to have two parallel, independently
conducted analyses and would argue that instances of disagreement
deserve more detailed follow-up with additional large cohort studies.
Unique to our analysis is the quantification of obesity-by-
metabolite interactions. Multivariable logistic regression models
revealed that ®;FAs show fewer main effects overall than either o, fatty
acids or DHA, which may be due to them being more likely to have
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FIGURE 5

Canalization of polygenic risk for PUFAs in the context of obesity. (A) Prevalence of type 2 diabetes versus PGSg, farty acids In 4 groups: obese BMI,
non-obese BMI, obese WHR, and non-obese WHR. (B) Prevalence of obstructive chronic bronchitis versus PGSg, fatty acids in the four groups.

(C) Prevalence of type 2 diabetes versus PGSpp4. (D) Prevalence of obstructive chronic bronchitis versus PGSpp4. (E) Prevalence of diaphragmatic
hernia versus PGSppi4. (F) Prevalence of essential hypertension versus PGSy, farty acids In the four groups.
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modulated effects in obese individuals, who constitute over a quarter
of the sample. It also suggests that genetic influences on DHA
production that protect against peripheral vascular disease may
be overcome by dietary intake, which conversely has a major influence
on type 2 diabetes risk and pathology. Very strong associations of
®;FAs with hyperglycemia and wsFAs with hypertension are also
exacerbated by obesity. These findings imply that genetic effect sizes
differ with weight gain, which will affect the performance of
Mendelian randomization, which, in turn, likely underestimates
causal inference in diverse cohorts.

Following our strategy for the detection of canalization of disease
risk by contrasting the deviations at the tails of the prevalence—
polygenic risk percentile curves between conditions, we adduce
further evidence that obesity, itself mediated by PUFA, has a pervasive
influence on how PUFA mediated disease. Given the proportion of the
disease explained by PGS-m and the prevalence in two subsets of the
data, we can contrast the observed deviations with those expected on
the assumption that risk is constant across exposures. Since PUFAs are
generally protective, large negative differences between obese and
non-obese deviations in the prevalence between the high and low tails
of risk provide evidence that genetic effects are enhanced in obese
individuals. Positive differences imply the opposite, for example, if the
genetic effects are suppressed, or if obesity itself overwhelms the
genetic influence of the PUFAs. Across 178 diseases/conditions, two
measures of obesity (BMI and WHR), and all three metabolites (1,068
comparisons), 66 were more than 2 standard deviations more deviant
than expected and just 9 less deviant, implying considerably more
decanalization and hence that low PFA exacerbate polygenic risk.
Correspondingly, there were 177 cases of more than 1 standard
deviation and 43 with less than expected deviation at this cutoff.

However, several patterns of disease class enrichment are highly
significant. Notably, in Figure 6, digestive diseases tend to
be decanalized (have enhanced genetic influence) for w;FAs or DHA,
whether obesity is measured by WHR or BMI, whereas circulatory
and cardiovascular diseases only show this effect for WHR (and
maybe canalized by high BMI). In addition, contrarily, the influence
of wgFAs on circulatory disease, as well as hypoglycemia and type 2
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diabetes, is exacerbated for both classes of obesity. Evolutionary
genetic theory suggests that canalization evolves under persistent
stabilizing selection to buffer the effects of genetic and environmental
perturbations. Decanalization implies the loss of protection afforded
by PUFA in obese individuals, particularly those with low levels, and
appears to be more consistently observed for WHR, which is a
stronger indicator of metabolic perturbation than BMI. Our data thus
imply that m;FAs and o¢FAs have evolved different roles in protection
against digestive, endocrine/metabolic, and circulatory diseases, and
that contemporary obesity perturbs the protection disproportionately.

The implications of our findings for personalized medicine are
debatable. Even if PUFAs are causally involved in diverse diseases, the
heterogeneity of effects across disease classes calls for caution in
therapeutic supplementation, despite the overwhelmingly protective
nature of their associations. It is also not clear that if low levels of DHA
promote disease, dietary supplementation after a certain age will
be curative or preventative, but our data do support more clinical trials
to evaluate this proposition. However, it also implies that obesity status
needs to be included as a covariate in all such initiatives. For several
diseases, PUFAs may be more protective in obese individuals than they
are in the normal weight class, and in that group, it could be argued that
disagreement between polygenic prediction and observed metabolite
levels should be used to promote dietary supplementation. Thus, a
person predicted genetically to have high w;FA levels who does not have
obesity, is likely to benefit from higher intake, but their decision should
also be motivated by whether they are most concerned about gut,
cardiovascular, endocrine, or even mental health.

The major limitations of this study are that few of the findings
have been replicated with external datasets or PGS-m, and all of them
are derived solely from European ancestry study participants. It will
be particularly interesting to ascertain to what extent the findings also
pertain to non-European ancestry groups and/or other countries with
different dietary patterns, but this will require analysis of different
biobank studies, such as All-of-Us. The results reported here may
be specific to the white British participants in the UKB, who are
themselves a biased representation of the total British population.
Regarding replication, it should however be noted that there is a broad
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agreement between our results and those of the study by Zagkos et al.
(30), generated with different PGS-m and confirmed in some instances
in FinnGen (43). Where attempted, for example, for IBD and
cholelithiasis, external replication has been strong (30). A third
limitation is that the disease status in any population study may
be strongly affected by disease comorbidity and the wide range of
pharmaceutical and non-medical interventions that people take.
Future research should address the likely implications for modification
of PUFA influences on disease.

Data availability statement

The original contributions presented in the study are included in
the article/Supplementary material, further inquiries can be directed
to the corresponding author.

Ethics statement

Ethical approval was not required for the studies involving
humans because all data was acquired from UK Biobank (approval
number 17984). The studies were conducted in accordance with the
local legislation and institutional requirements. Written informed
consent for participation was not required from the participants or the
participants' legal guardians/next of kin in accordance with the
national legislation and institutional requirements.

Author contributions

CA: Conceptualization, Formal analysis, Investigation,

Methodology, Visualization, Writing - original draft, Writing - review
& editing. GG: Conceptualization, Funding acquisition, Supervision,
Writing - original draft, Writing - review & editing.

References

1. Wilson DE, Matschinsky FM. Metabolic homeostasis in life as we know it: its origin
and thermodynamic basis. Front Physiol. (2021) 12:658997. doi: 10.3389/
fphys.2021.658997

2. Mamas M, Dunn WB, Neyses L, Goodacre R. The role of metabolites and
metabolomics in clinically applicable biomarkers of disease. Arch Toxicol. (2011)
85:5-17. doi: 10.1007/500204-010-0609-6

3. Gallois A, Mefford J, Ko A, Vaysse A, Julienne H, Ala-Korpela M, et al.
A comprehensive study of metabolite genetics reveals strong pleiotropy and
heterogeneity across time and context. Nat Commun. (2019) 10:4788. doi: 10.1038/
541467-019-12703-7

4. Simopoulos AP. Omega-3 fatty acids in inflammation and autoimmune diseases. J
Am Coll Nutr. (2002) 21:495-505. doi: 10.1080/07315724.2002.10719248

5. Lee KH, Seong HJ, Kim G, Jeong GH, Kim JY, Park H, et al. Consumption of fish
and -3 fatty acids and cancer risk: an umbrella review of meta-analyses of observational
studies. Adv Nutr. (2020) 11:1134-49. doi: 10.1093/advances/nmaa055

6. Elagizi A, Lavie CJ, O'Keefe E, Marshall K, O'Keefe JH, Milani RV. An update on
omega-3 polyunsaturated fatty acids and cardiovascular health. Nutrients. (2021) 13:204.
doi: 10.3390/nu13010204

7. Young G, Conquer J. Omega-3 fatty acids and neuropsychiatric disorders. Reprod
Nutr Dev. (2005) 45:1-28. doi: 10.1051/rnd:2005001

8. Aung T, Halsey J, Kromhout D, Gerstein HC, Marchioli R, Tavazzi L, et al. Omega-3
treatment Trialists’ collaboration. Associations of omega-3 fatty acid supplement use
with cardiovascular disease risks: meta-analysis of 10 trials involving 77 917 individuals.
JAMA Cardiol. (2018) 3:225-34. doi: 10.1001/jamacardio.2017.5205

Frontiers in Nutrition

13

10.3389/fnut.2023.1308622

Funding

The author(s) declare financial support was received for the
research, authorship, and/or publication of this article. CA and GG
were funded by US-NIH R01 DK119991.

Acknowledgments

The authors thank the University of Bristol for providing the MRC
IEU OpenGWAS database used GWAS
summary statistics.

for which we

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

Supplementary material

The Supplementary material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fnut.2023.1308622/
full#supplementary-material

9. Cooper RE, Tye C, Kuntsi ], Vassos E, Asherson P. Omega-3 polyunsaturated fatty
acid supplementation and cognition: a systematic review and meta-analysis. J
Psychopharmacol. (2015) 29:753-63. doi: 10.1177/0269881115587958

10. Kavyani Z, Musazadeh V, Fathi S, Faghfouri AH, Dehghan P, Sarmadi B. Efficacy of
the omega-3 fatty acids supplementation on inflammatory biomarkers: an umbrella meta-
analysis. Int Immunopharmacol. (2022) 111:109104. doi: 10.1016/j.intimp.2022.109104

11. Tur JA, Bibiloni MM, Sureda A, Pons A. Dietary sources of omega 3 fatty acids:
public health risks and benefits. Br J Nutr. (2012) 107:523-52. doi: 10.1017/
$S0007114512001456

12. Berry JD, Prineas RJ, van Horn L, Passman R, Larson J, Goldberger J, et al. Dietary
fish intake and incident atrial fibrillation (from the Women's Health Initiative). Am J
Cardiol. (2010) 105:844-8. doi: 10.1016/j.amjcard.2009.11.039

13. Costantini L, Molinari R, Farinon B, Merendino N. Impact of omega-3 fatty acids
on the gut microbiota. Int ] Mol Sci. (2017) 18:2645. doi: 10.3390/ijms18122645

14.Fu Y, Wang Y, Gao H, Li D, Jiang R, Ge L, et al. Associations among dietary
omega-3 polyunsaturated fatty acids, the gut microbiota, and intestinal immunity.
Mediat Inflamm. (2021) 2021:1-11. doi: 10.1155/2021/8879227

15. Astore C, Nagpal S, Gibson G. Mendelian randomization indicates a causal role
for omega-3 fatty acids in inflammatory bowel disease. Int J Mol Sci. (2022) 23:14380.
doi: 10.3390/ijms232214380

16. Bowden J, Spiller W, Del Greco MF, Sheehan N, Thompson J, Minelli C, et al.
Improving the visualization, interpretation and analysis of two-sample summary data
Mendelian randomization via the radial plot and radial regression. Int J Epidemiol.
(2018) 47:1264-78. doi: 10.1093/ije/dyy101

frontiersin.org


https://doi.org/10.3389/fnut.2023.1308622
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org
https://www.frontiersin.org/articles/10.3389/fnut.2023.1308622/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fnut.2023.1308622/full#supplementary-material
https://doi.org/10.3389/fphys.2021.658997
https://doi.org/10.3389/fphys.2021.658997
https://doi.org/10.1007/s00204-010-0609-6
https://doi.org/10.1038/s41467-019-12703-7
https://doi.org/10.1038/s41467-019-12703-7
https://doi.org/10.1080/07315724.2002.10719248
https://doi.org/10.1093/advances/nmaa055
https://doi.org/10.3390/nu13010204
https://doi.org/10.1051/rnd:2005001
https://doi.org/10.1001/jamacardio.2017.5205
https://doi.org/10.1177/0269881115587958
https://doi.org/10.1016/j.intimp.2022.109104
https://doi.org/10.1017/S0007114512001456
https://doi.org/10.1017/S0007114512001456
https://doi.org/10.1016/j.amjcard.2009.11.039
https://doi.org/10.3390/ijms18122645
https://doi.org/10.1155/2021/8879227
https://doi.org/10.3390/ijms232214380
https://doi.org/10.1093/ije/dyy101

Astore and Gibson

17. Hemani G, Zheng J, Elsworth B, Wade KH, Haberland V, Baird D, et al. The MR-
base platform supports systematic causal inference across the human phenome. elife.
(2018) 7:34408. doi: 10.7554/eLife.34408

18. He ], Luo X, Xin H, Lai Q, Zhou Y, Bai Y. The effects of fatty acids on inflammatory
bowel disease: a two-sample Mendelian randomization study. Nutrients. (2022) 14:2883.
doi: 10.3390/nu14142883

19. Carreras-Torres R, Ibéfiez-Sanz G, Obén-Santacana M, Duell EJ, Moreno V.
Identifying environmental risk factors for inflammatory bowel diseases: a Mendelian
randomization study. Sci Rep. (2020) 10:19273. doi: 10.1038/541598-020-76361-2

20.Lin JY, Ma LJ, Yuan JP, Yu P, Bai BX. Causal effects of fatty acids on atopic
dermatitis: a Mendelian randomization study. Front Nutr. (2023) 10:1083455. doi:
10.3389/fnut.2023.1083455

21. Sun Y, Chatterjee R, Ronanki A, Ye K. Circulating polyunsaturated fatty acids and
COVID-19: a prospective cohort study and Mendelian randomization analysis. Front
Med. (2022) 9:923746. doi: 10.3389/fmed.2022.923746

22.Yuan T, Si S, Li Y, Li W, Chen X, Liu C, et al. Roles for circulating polyunsaturated
fatty acids in ischemic stroke and modifiable factors: a Mendelian randomization study.
Nutr J. (2020) 19:70. doi: 10.1186/s12937-020-00582-4

23. Haycock PC, Borges MC, Burrows K, Lemaitre RN, Burgess S, Khankari NK, et al.
The association between genetically elevated polyunsaturated fatty acids and risk of
cancer. EBioMedicine. (2023) 91:104510. doi: 10.1016/j.ebiom.2023.104510

24.1uY, Li D, Wang L, Zhang H, Jiang F, Zhang R, et al. Comprehensive investigation
on associations between dietary intake and blood levels of fatty acids and colorectal
cancer risk. Nutrients. (2023) 15:730. doi: 10.3390/nu15030730

25. Milaneschi Y, Peyrot WJ, Nivard MG, Mbarek H, Boomsma DI, Penninx BWJH.
A role for vitamin D and omega-3 fatty acids in major depression? An exploration using
genomics. Transl Psychiatry. (2019) 9:219. doi: 10.1038/s41398-019-0554-y

26. Gao Y, Hu X, Wang D, Jiang ], Li M, Qing Y, et al. Association between arachidonic
acid and the risk of schizophrenia: a cross-national study and Mendelian randomization
analysis. Nutrients. (2023) 15:1195. doi: 10.3390/nu15051195

27.Nomura M, Tanaka K, Banno Y, Hara R, Asami M, Otsuka T, et al. Polyunsaturated
fatty acids and risk of anorexia nervosa: a Mendelian randomization study. J Affect
Disord. (2023) 330:245-8. doi: 10.1016/j.jad.2023.03.016

28. Borges MC, Haycock PC, Zheng J, Hemani G, Holmes MV, Davey Smith G, et al.
Role of circulating polyunsaturated fatty acids on cardiovascular diseases risk: analysis
using Mendelian randomization and fatty acid genetic association data from over 114,000
UK biobank participants. BMC Med. (2022) 20:210. doi: 10.1186/s12916-022-02399-w

29. Liang Z, Lou Y, Li Z, Liu S. Causal relationship between human blood omega-3
fatty acids and the risk of epilepsy: a two-sample Mendelian randomization study. Front
Neurol. (2023) 14:1130439. doi: 10.3389/fneur.2023.1130439

Frontiers in Nutrition

14

10.3389/fnut.2023.1308622

30.Zagkos L, Dib MJ, Pinto R, Gill D, Koskeridis F, Drenos F, et al. Associations
of genetically predicted fatty acid levels across the phenome: a Mendelian
randomisation study. PLoS Med. (2022) 19:e1004141. doi: 10.1371/journal.
pmed.1004141

31. Gibson G, Lacek KA. Canalization and robustness in human genetics and disease.
Annu Rev Genet. (2020) 54:189-211. doi: 10.1146/annurev-genet-022020-022327

32. Nagpal S, Tandon R, Gibson G. Canalization of the polygenic risk for common
diseases and traits in the UK biobank cohort. Mol Biol Evol. (2022) 39:msac053. doi:
10.1093/molbev/msac053

33. Wu P, Gifford A, Meng X, Li X, Campbell H, Varley T, et al. Mapping ICD-10 and
ICD-10-CM codes to Phecodes: workflow development and initial evaluation. JMIR Med
Inform. (2019) 7:¢14325. doi: 10.2196/14325

34. Ge T, Chen C-Y, Ni Y. Feng Y-CA, Smoller JW: polygenic prediction via Bayesian
regression and continuous shrinkage priors. Nat Commun. (2019) 10:1776. doi: 10.1038/
541467-019-09718-5

35. Purcell S, Neale B, Todd-Brown K, Thomas L, Ferreira MA, Bender D, et al.
PLINK: a tool set for whole-genome association and population-based linkage analyses.
Am ] Hum Genet. (2007) 81:559-75. doi: 10.1086/519795

36. Elsworth B, Lyon M, Alexander T, Liu Y, Matthews P, Hallett ], et al. The MRC
IEU OpenGWAS data infrastructure. BioRxiv; (2020). doi: 10.1101/2020.08.10.244293

37.BMI OC. Clinical guidelines on the identification, evaluation, and treatment of
overweight and obesity in adults. NOE Initiative. (1998) 6:515-209S.

38. Romero-Corral A, Somers VK, Sierra-Johnson J, Thomas R], Collazo-Clavell ML,
Korinek J, et al. Accuracy of body mass index in diagnosing obesity in the adult general
population. Int ] Obes. (2008) 32:959-66. doi: 10.1038/ij0.2008.11

39. Locke AE, Kahali B, Berndt SI, Justice AE, Pers TH, Day FR, et al. Genetic studies
of body mass index yield new insights for obesity biology. Nature. (2015) 518:197-206.
doi: 10.1038/nature14177

40. Shungin D, Winkler TW, Croteau-Chonka DC, Ferreira T, Locke AE, Migi R, et al.
New genetic loci link adipose and insulin biology to body fat distribution. Nature. (2015)
518:187-96. doi: 10.1038/nature14132

41. Goodarzi MO. Genetics of obesity: what genetic association studies have taught
us about the biology of obesity and its complications. Lancet Diabetes Endocrinol. (2018)
6:223-36. doi: 10.1016/S2213-8587(17)30200-0

42. Loos RJE, Yeo GSH. The genetics of obesity: from discovery to biology. Nat Rev
Genet. (2022) 23:120-33. doi: 10.1038/s41576-021-00414-z

43. Kurki M1, Karjalainen J, Palta P, Sipila TP, Kristiansson K, Donner KM, et al.
FinnGen provides genetic insights from a well-phenotyped isolated population. Nature.
(2023) 613:508-18. doi: 10.1038/s41586-022-05473-8

frontiersin.org


https://doi.org/10.3389/fnut.2023.1308622
https://www.frontiersin.org/journals/nutrition
https://www.frontiersin.org
https://doi.org/10.7554/eLife.34408
https://doi.org/10.3390/nu14142883
https://doi.org/10.1038/s41598-020-76361-2
https://doi.org/10.3389/fnut.2023.1083455
https://doi.org/10.3389/fmed.2022.923746
https://doi.org/10.1186/s12937-020-00582-4
https://doi.org/10.1016/j.ebiom.2023.104510
https://doi.org/10.3390/nu15030730
https://doi.org/10.1038/s41398-019-0554-y
https://doi.org/10.3390/nu15051195
https://doi.org/10.1016/j.jad.2023.03.016
https://doi.org/10.1186/s12916-022-02399-w
https://doi.org/10.3389/fneur.2023.1130439
https://doi.org/10.1371/journal.pmed.1004141
https://doi.org/10.1371/journal.pmed.1004141
https://doi.org/10.1146/annurev-genet-022020-022327
https://doi.org/10.1093/molbev/msac053
https://doi.org/10.2196/14325
https://doi.org/10.1038/s41467-019-09718-5
https://doi.org/10.1038/s41467-019-09718-5
https://doi.org/10.1086/519795
https://doi.org/10.1101/2020.08.10.244293
https://doi.org/10.1038/ijo.2008.11
https://doi.org/10.1038/nature14177
https://doi.org/10.1038/nature14132
https://doi.org/10.1016/S2213-8587(17)30200-0
https://doi.org/10.1038/s41576-021-00414-z
https://doi.org/10.1038/s41586-022-05473-8

	Integrative polygenic analysis of the protective effects of fatty acid metabolism on disease as modified by obesity
	1 Introduction
	2 Materials and methods
	2.1 Study cohort
	2.2 UKB fatty acid metabolite levels
	2.3 UKB disease cohorts
	2.4 Non-genetic associations of fatty acid metabolites and diseases
	2.5 Genetic associations of fatty acid metabolites and diseases
	2.6 Assessment of suggestive fatty acid metabolite—disease associations
	2.7 Evaluation of phenotypic differences across fatty acid metabolites
	2.8 MR evidence of suggestive fatty acid metabolite—disease associations
	2.9 Canalization of PUFA metabolites on disease
	2.10 Interaction between PUFAs and body weight measurements on disease
	2.11 Canalization of body weight measurements and obesity on PUFA metabolites and the impact of it on disease

	3 Results
	3.1 Direct clinical and polygenic PUFA—disease associations
	3.2 Body weight by PUFA interaction influencing disease prevalence
	3.3 Mendelian randomization
	3.4 Interaction between PRS for disease and PUFA levels modulates disease risk
	3.5 Obesity modifies the influence of PUFAs on disease risk

	4 Discussion
	Data availability statement
	Ethics statement
	Author contributions

	 References

