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Impact of gene-environment
interactions on atrial fibrillation
and cardiac structure

Panlong Li%, Xirui Zhu?, Min Liu*, Yanfeng Wang?, Chun Huang?, Junwei Sun?, Shan Tian®,
Yuna Li°, Yuan Qiao®, Junting Yang®, Shanshan Cao®, Chaohua Cong?®, Lei Zhao®,
Meiyun Wang?3™, Jingjing Su®* & Dandan Tian***

Environmental pollution is a major burden of cardiovascular disease. The aim of the study was to
investigate the interactions between combined environmental factors and genetic susceptibility on
atrial fibrillation (AF) and cardiac structures. The study included 374,495 participants from the UK
Biobank, utilizing genetic data and environmental variables (including air pollution, noise, greenspace
and water quality). Polygenic risk score (PRS) was calculated to estimate individual genetic risk. Cox
proportional hazard model was applied to estimate the impact of exposure factors on the risk of AF
occurrence. The mediation analysis was applied to assess the relationship among environmental
scores, AF and cardiac structures. Population attributable fraction (PAF) was employed to assess
potential influence of mitigating unfavorable environment characteristics on AF. The results showed
that the highest group of four domain scores exhibited 3.38-16.83% higher AF risk than the lowest.
Individuals with higher scores in four domains and high PRS had hazard ratio (95%Cl) of 2.76

(2.62, 2.91), 2.61 (2.47, 2.75), 2.86 (2.71, 3.02) and 2.84 (2.66, 3.02). Environmental factors could
indirectly affect cardiac structures through AF. Up to 7.37% of AF cases could be preventable through
environmental interventions. Our findings pointed that gene-environment interaction can increase AF
risk, which further affect cardiac structures.
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Atrial fibrillation (AF) is the most prevalent arrhythmia produced by a disturbance in the heart’s electrical
signals. The incidence of AF exceeded that of 1997 by 31%, with 37.574 million cases worldwide, and is expected
to continue to rise in the future, posing one of the greatest epidemiological challenges'. Some risk factors such
as lifestyle, genetics, and environmental factors have been found to be associated with the occurrence of AF?3,
Environmental exposures of broad scope are considered modifiable risk factors for AF, making the investigation
of their relationship with AF and implementation of preventive measures crucial strategy for reducing the
burden of AE.

Notably, recent studies have provided convincing evidence showing that environment pollution, especially
air pollution is major cause of worldwide illness burden, which could cause cardiovascular disease (CVD) and
changes in heart morphology and function*®. However, the association between AF risk and air pollution
exposure was inconsistent®~!?. In addition to air pollution, noise pollution, greenspace cover, and water quality
are critical environmental factors. The association between noise exposure and AF risk remains inconclusive!%!!,
A study based on greening and AF showed that those with the highest greening rate had a 6% lower risk of
developing AF than those with the lowest greening rate!2. Among those environmental factors, the relationship
between water quality and AF risk has not been fully explored.

Despite extensive research examining the association between environmental factors and AF risk, a
comprehensive examination of environment factors has been lacking. Studies often suffered from limited
sample sizes and underrepresentation of population. Integrating data from diverse environmental domains,
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such as air pollution, noise pollution, greenspace, and water quality, might generate a more comprehensive
understanding of environmental exposure and its implications for AF. In addition, the joint analysis enabled us
to comprehensively assess the joint impact of multiple risk factors and precisely quantify their contribution to
AF prevalence, which is crucial for specifying the prevention strategy.

In addition to environmental factors, the genetic risk of AF has also been identified®!3. There is increasing
evidence that genetic variants can alter personal vulnerability to environment'. However, it is unclear whether
genetic susceptibility has a potential modifying effect on the association between joint exposure to environmental
factors and AF.

Therefore, we carried out a large cohort research using comprehensive information on genetic variation and
environment, which were provided by the UK Biobank, to investigate the relationship between exposure to
different environmental factors and the incidence rate of AF, as well as the interaction between composite scores
for different environmental domains and genetic predisposition, and their impact on cardiac structure. We have
quantified the PAF in detail for each environmental domain to assess the potential effectiveness of preventive
strategies (Fig. 1).

There were 502359 UK Biobank participants and
485282 with genetic data

Exclude
e 7663 patients with AF before baseline
e 39380 lack of residential air pollution
information at baseline
24310 lack of greenspace
39434 lack of water

Y

374495 participants were included in the analysis
27027 AF cases
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22 of the 25 environmental factors were significantly associated with AF
Excluding multicollinearity: 16 variables retained to calculate the scores for different domains

To calculated the population attributable To assess the mediating effect among scores
fraction (PAF) for each domain for each domain, AF and CMR features

' ’

The AF exhibited mediating effect in the
association between air pollution score,
greenspace score and some CMR features

Joint effect Combined
PAF =3.61% - 7.37%

Fig. 1. Work flow for the participants selection and study design. AF, atrial fibrillation; PAFE, population
attributable fraction; CMR, cardiac magnetic resonance.
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Results

The baseline characteristics of participants were exhibited in Table 1. We recorded 27,027 cases of AF among the
374,495 participants during a median of 13 years of follow-up. The spatial distribution of AF event was shown
in Supplementary Fig. 1. Compared to controls, patients with AF were found to be elder (61.90+6.09 years
VS 56.11+8.07 years), predominantly male (61.2% VS 38.8%), and tended to have lower income levels (Less
than 18,000: 27.3% VS 19%) and less-educated (69% VS 62.8%). In addition, they had a higher proportion of
former or current smokers (54.6% VS 44.3%), had higher alcohol scores (2.49+2.77 VS 2.08 £2.28) and were
fatter (BMI: 28.91+5.35 VS 27.26 +4.69). All the observed differences between AF patients and controls were
statistically significant (all P<0.001).

In this study, of the 25 examined factors, 22 were significantly associated with AF (Fig. 2). Among these, 11
factors displayed potential adverse effects, while 11 were protective (Supplementary Table 1). The Spearman
correlation among the significant variables was presented in Supplementary Fig. 2. In the course of the
collinearity examination, we rigorously accounted for and excluded the following variables (r*>0.9): In terms of
noise pollution, since 24-hour noise pollution is more representative, we excluded 16 h noise pollution, daytime,
evening and night-time noise pollution. In other areas, when comparing Greenspace percentage (buffer 1000 m)
with Natural environment percentage (buffer 1000 m), the latter was more significant, and when comparing
Water hardness USGS with CaCO3 concentration, the latter was also more significant, hence the former were
excluded.

The correlation between scores in four domains (air pollution, noise pollution, greenspace, and water) and
AF incidence was presented in Table 2. In the age-, sex- and assessment center- adjusted model, participants in
the highest group of four domain scores exhibited 3.38-16.83% higher risk of developing AF than individuals
in the lowest (P<0.05). Our sensitivity analysis demonstrated consistent results between unweighted scores
and AF risk. After adjusting for multi factors, the patterns of outcomes for the other factors aside from noise

T Atrial fibrillation
Characteristics (n=374495) Yes (n=27027) | No (n=347468) | p-value
Age [years 56.53+8.08 61.90+6.09 56.11+8.07 P<0.001
(mean +SD)]
[Fr‘r’ll(l)‘;‘fhrpr;‘;g; n(1QR)] | 15617 107(76) 157 (17) P<0.001
Sex [n(%)]
Female 204,832 (54.7) 10,476 (38.8) 194,356 (55.9) P<0.001
Male 169,663 (45.3) 16,551 (61.2) | 153,112 (44.1) | P<0.001
Household income [n(%)]
Less than 18,000 73,446 (19.6) 7384 (27.3) 66,062 (19.0) P<0.001
18,000 to 30,999 81,969 (21.9) 6594 (24.4) 75,375 (21.7) | P<0.001
31,000 to 51,999 138,612 (37.0) 9469 (35.0) 129,143 (37.2) P<0.001
52,000 to 100,000 63,716 (17.0) 2854 (10.6) 60,862 (17.5) P<0.001
Greater than 100,000 16,752 (4.5) 726 (2.7) 16,026 ( 4.6) P<0.001
Higher education level [n(%)]
Yes 137,771 (36.8) 8389 (31.0) 129,382 (37.2) P<0.001
No 236,724 (63.2) 18,638 (69.0) 218,086 (62.8) P<0.001
ﬁfg%‘z‘af:;ﬂeg‘lj)] 27.38+4.76 28.91+5.35 27.26+4.69 P<0.001
Alcohol Score 2114232 249+2.77 2.08+2.28 P<0.001
(mean +SD)
Smoking status [n(%)]
Never smoking 205,550 (54.9) 12,283 (45.4) 193,267 (55.7) P<0.001
Previous smoking 130,093 (34.7) 11,826 (43.8) 118,267 (34.0) P<0.001
Current smoking 38,852 (10.4) 2918 (10.8) 35,934 (10.3) P<0.001
TPAQ activity group [n(%)]
Low 116,666 (31.2) 7930 (29.3) 108,736 (31.3) P<0.001
Moderate 205,152 (54.8) 15,119 (55.9) 190,033 (54.7) P<0.001
High 52,677 (14.1) 3978 (14.7) 48,699 (14.0) P<0.001
Healthy diet score [n(%)]
0-1 2700 (0.7) 218 (0.8) 2482 (0.7) P<0.001
2-3 135,407 (36.2) 10,757 (39.8) 124,650 (35.9) P<0.001
4-5 236,388 (63.1) 16,052 (59.4) 220,336 (63.4) P<0.001

Table 1. Baseline characteristics of participants in this study. SD: stand deviation; Higher education level:
College/University degree and/or Other professional qualifications e.g.: nursing, teaching.

Scientific Reports |

(2025) 15:16893 | https://doi.org/10.1038/s41598-025-00921-7

nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

PM2.5(9.54,10.36) 1

Not significant PM2.5(10.36,21.31] 4

i nifi PM2.5absorbance(1.04,1.24) 1
Sgicami betars PM2.5absorbance(1.24,4.6] 1
correction(P < 0.05) PM10(21.01,23.2)

-8 Bonferroni-corrected PM10(23.2,43.81] 1
(P <0.001) NO2(24.98,32.7) 1
N02§32.7.192.58 §

NOx(37.15,47.89) 1

NOx(47.89,265.94] 1

daytime sound level of noise pollution(53.39,55.47] 1
daytime sound level of noise pollution(55.47,88.64] 1
evening sound level of noise pollution(49.65,51.73)]
evening sound level of noise pollution(51.73,84.9] 1
night-time sound level of noise pollution(44.57,46.65)
night-time sound level of noise pollution 46.65,79.82; b
16-hour sound level of noise pollution§52.45,54.54
16-hour sound level of noise pollution(54.54,87.7] 4
24-hour sound level of noise pollution(54.03,56.12) 1
24-hour sound level of noisegollution(SG.12,89.29 -
Greenspace percentage, buffer 1000 m(32.375,54.193) 1
Greenspace percentage, buffer 1000 m(54.193,99.186] 1 ——
Greenspace percentage, buffer300 m(21.474,41.755) 1
Greenspace percentage, buffer 300 m(41.755,99.18] - ——
Domestic garden percentage, buffer 300m(24.118,37.576) 1
Domestic garden percentage, buffer 300m(37.576,75.602] 1
Water percentage, buffer 300 m(0.025,0.37) 1 ——
Water percentage, buffer 300 m(0.37,97.88% § —
Natural environment percentage, buffer 1000m(25.557,52.11]
Natural environment percentage, buffer 1000 m(52.11,100] 1 —_——
Natural environment percentage, buffer 300m(10.268,32.589) 1
Natural environment percentage, buffer 300m(32.589,100% E —_—
=0
—
PR S—
—_——

p

W

Vname

i

Distance.to.coast(29.52,57.75) 1

Distance.to.coast(57.75,107.98] 1

CaCO3 concentration(54,230) 1
CaCO3 concentration(230,460%

Ca concentration(23,86) 4

Ca concentration(86,130] 4

Mg concentration(3,5) 1

Mg concentration(5,36] 1

Water.hardness.USGS(60-120 mg/L) 1

Water.hardness.USGS(120-180 mg/L) 1

Water.hardness. WHO(>180 mg/L; E ——
Water.hardness. WHO(>=200 mg/L) 1 —l=

085 0.90 095 1.00 1.05 1.10
exp.coef.

-

i

Fig. 2. Associations between significant environmental variables and the incidence of atrial fibrillation. NO2,
nitrogen dioxide; NOX, nitrogen oxides; PM2.5, particular matter with aerodynamic diameter <2.5 pm; PM10,
particular matter with an aerodynamic diameter <10 um; PM2.5-10, particular matter with an aerodynamic
diameter between 2.5 and 10 um. Each point represents a hazard ratio, accompanied by a horizontal line
indicating the corresponding 95% confidence interval.

Favourable 1 - - Reference
Air pollution Intermediate | 1.0627 | 1.0329 | 1.0934 | 4.86x 107> |9.12x107!!
Unfavorable | 1.1013 | 1.0692 | 1.1344 | 9.06x 10!

Favourable 1 - - Reference

Noise pollution | Intermediate | 1.0311 | 1.0014 | 1.0618 | 0.040143 0.024733
Unfavorable | 1.0338 | 1.0042 | 1.0644 | 0.024982

Favourable 1 - - Reference

Greenspace Intermediate | 1.0666 | 1.0357 | 1.0985 | 1.7x107° | 1x10°2°
Unfavorable | 1.1683 | 1.1348 | 1.2028 | 1x 1072
Favourable 1 - - Reference

Water Intermediate | 1.1090 | 1.0743 | 1.1448 | 1.72x 107 | 8.14x 107!

Unfavorable | 1.1206 | 1.0851 | 1.1572 | 4.15x 10712

Table 2. Relationships between atrial fibrillation and the four domains. HR, hazard ratio; CI, confidence
interval.
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pollution were nearly identical (Supplementary Table 2). The spatial distribution of each score were shown in
Supplementary Fig. 3.

For the genetic correlation analysis (Supplementary Table 3), we found a significant and statistically significant
correlation between PRS and AF risk (P, < 2x107¢). Compared with participants with low genetic risk,
participants with medium to high genetic risk had a risk of AF that was approximately 53% (48-58%) or 152%
(144-162%) higher. The same association was also shown in the sensitivity analysis using white samples and PRS
based on independent datasets.

In the hierarchical analysis (Fig. 3), compared to individuals with lower scores in four domains and low
PRS, those scoring higher and exhibiting higher PRS had HRs(95%CI) of 2.76(2.62,2.91), 2.61(2.47,2.75),
2.86(2.71,3.02) and 2.84(2.66,3.02). Furthermore, an interaction was found between the scores of the four
domains and PRS (P<0.001).

The results of Lasso regression and 10-fold cross-validation are presented in supplementary Fig. 4, screening
out six Cardiac magnetic resonance (CMR) features significantly associated with AF. Table 3 summarized the
relationship among scores for four domains, the occurrence of AF, and CMR features. We discovered that higher
air pollution score was linked to lower left atrial ejection fraction (LAEF), in part due to a mediating mediated by
AE The study also found that AF partly mediated of the relationship between greenspace score and descending
aorta minimum area. We did not view a relationship among AF-mediated noise pollution score, water score and
CMR features. Forevermore, the diagnosis time of most AF is later than the baseline exposure assessment and
earlier than the CMR feature measurement (Supplementary Fig. 5).

According to PAF estimates (Table 4), it is suggested that 3.61% of AF cases could be prevented by eliminating
solely adverse factors (modell). When both moderate and adverse factors (model2) were eliminated, the
potential for prevention increases to 7.37% of cases. In the conservative model (model 1), greenspace exerted
the most significant preventive impact on AF, reducing it by 2.25%. Air pollution (0.53%), water (0.80%), and
noise pollution (0.03%) followed incidence in descending order of influence. Under the optimistic estimates
(model 2), greenspace (3.46%) contributed the most to AF prevention, with water (2.57%), air pollution (0.87%)
and noise pollution (0.47%) trailing behind. Moreover, the consistency of the findings persisted when we limited
participants’ follow-up to periods exceeding six years (Supplementary Table 4).

Discussion

In our study, we evaluated the association between exposure to different environmental factors and AF risk.
We calculated scores for four domains including air pollution, noise pollution, greenspace and water to assess
combined impact of each domain. The results presented that scores for four domains were tied to an increased
risk of AF. We noticed that the connection between scores for four domains and AF incidence was increased by
inherited predisposition to AE. Through mediation analysis we found that air pollution score and greenspace
score could indirectly affect some CMR features through the onset of AE Overall, we estimated that 3.61-7.37%
of AF cases could be potentially preventable through environmental interventions.

Earlier investigations have mainly aimed at analyzing the impact of one aspect of environment on AF'>, and
the results have been disputed!®!’, and largely ignored the effects arising from other environment factors. We
used a large sample size, considered relatively comprehensive environmental factors and their impact on AE. Our
analysis identified 22 factors associated with AF. Consistent with previous research, PM2_518’19, PM, 5, NOZZO'”,
and noise?? were identified as significant risk factors, while greenspace!2. emerged as a potentially protective
element. The study also uncovered less-explored factors, such as PM, . absorbance, natural environment
percentage, domestic garden percentage, domestic water composition, and water hardness.

In consideration of people are exposed to mixed environment at the same time, it becomes imperative to
evaluate joint exposures of various environmental factors?>. The continuous scores provided a more complete
measure of combined exposure to environmental factors in each fields?!. Though the degree of effects of four
environment domains on the occurrence of AF is different, unfavorable environment could promote the
occurrence of AE.

We further investigated the potential interplay between comprehensive scores and genetic risk about AE. We
discerned that genetic susceptibility to AF alters the relevance between each score and AF risk, with an additive
interaction. Compared individuals possessing lower genetic predisposition, the link between each score and AF
risk was more pronounced in those with higher genetic predisposition. In our study, certain genes associated
with AF, such as IL-6, was also linked to markers of inflammatory through gene-environment interactions, which
in turn is a causative risk factor for AF?. Regardless, our results indicated that individuals at high genetical risk
of AF are at greater susceptible from environment.

AF was a mediating factor between air pollution score, greenspace score and some CMR features. We
observed that AF resulted in smaller LAEF, larger descending aorta minimum volume. The decrease of LAEF
is an early sign of the development of HF events?, It is suggested that environmental exposure may accelerate
the deterioration process of cardiac function through AF. Previous studies have shown that the aortic stiffness
increases in patients with AF?, and green space exposure may indirectly improve aortic elasticity by reducing the
occurrence of AF. Plant volatiles related to green Spaces can improve vascular endothelial function?, which may
function independently of AF. In summary, exposure to such environmental risk factors was highly connected
with the occurrence of AF and structural heart changes.

When solely considering eliminating adverse factors, the study indicated that the scarcity of greenspace
was the leading PAF contributor to AF, accounting for 2.25%. When more exhaustive risk factor elimination
is implemented, ecological greening still exhibited the greatest potential, resulting in a 3.46% reduction in AF
incidence. High-quality green spaces have been scientifically proven to offer multiple health benefits?®, including
stress reduction®’, increased engagement in physical activities®!, reduced exposure to air pollution®’, and a
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Subgroup Cases Total HR(95%Cl) P
Low genetic risk
Favourable Air pollution Score 2056 44876 | ] 1(Reference)
Intermediate Air pollution Score 1915 41277 a 1.04 [0.98, 1.06] 0.273
Unfavourable Air pollution Score 1578 38667 - 1.05[0.99, 1.11] 0.149
Intermediate genetic risk
Favourable Air pollution Score 2942 44923 L 1.46 [1.38, 1.54] <0.001
Intermediate Air pollution Score 2906 41861 = 1.63 [1.54, 1.72] <0.001
Unfavourable Air pollution Score 2500 38034 L 1.67 [1.58, 1.77] <0.001
High genetic risk
Favourable Air pollution Score 4838 45408 = 2.50[2.37,2.63] <0.001
Intermediate Air pollution Score 4377 41520 = 2.60 [2.47, 2.74] <0.001
Unfavourable Air pollution Score 3915 37929 = 2.76 [2.62, 2.91] <0.001
0‘5 ¥ 1?5 é 275 IIS
Subgroup Cases Total HR(95%Cl) P
Low genetic risk
Favourable Noise pollution Score 1883 41333 [ ] 1(Reference)
Intermediate Noise pollution Score 1807 41723 - 1.00 [0.93, 1.06] 0.898
Unfavourable Noise pollution Score 1859 41764 ] 1.01[0.95, 1.08] 0.798
Intermediate genetic risk
Favourable Noise pollution Score 2787 41719 L] 1.50 [1.41, 1.59] <0.001
Intermediate Noise pollution Score 2766 41619 L 1.53 [1.44, 1.62] <0.001
Unfavourable Noise pollution Score 2795 41480 - 1.58 [1.49, 1.68] <0.001
High genetic risk
Favourable Noise pollution Score 4391 41788 L 2.46 [2.33, 2.60] <0.001
Intermediate Noise pollution Score 4272 41388 - 2.56 [2.42,2.70] <0.001
Unfavourable Noise pollution Score 4467 41681 = 2.61[2.47,2.75] <0.001
0.l5 3 1.'5 2I 2?5 ::
Subgroup Cases Total HR(95%CIl) p
Low genetic risk
Favourable Greenspace Score 1943 43078 t 1(Reference)
Intermediate Greenspace Score 1750 40866 1.03[0.97, 1.10] 0.313
Unfavourable Greenspace Score 1856 40876 - 1.15[1.08, 1.23] <0.001
Intermediate genetic risk
Favourable Greenspace Score 2749 42898 - 1.46 [1.38, 1.55] <0.001
Intermediate Greenspace Score 2706 40358 L] 1.64 [1.54, 1.73] <0.001
Unfavourable Greenspace Score 2893 41562 - 1.80[1.70, 1.91] <0.001
High genetic risk
Favourable Greenspace Score 4525 42436 - 2.55[2.42,2.69] <0.001
Intermediate Greenspace Score 4189 40416 - 2.66 [2.52, 2.81] <0.001
Unfavourable Greenspace Score 4416 42005 =B 2.86[2.71, 3.02] <0.001
ols 1 1Als ; 215 :Is
Subgroup Cases Total HR(95%Cl) P
Low genetic risk
Favourable Water Score 1229 29108 [ ] 1(Reference)
Intermediate Water Score 2158 45026 L 1.11[1.04, 1.19] 0.003
Unfavourable Water Score 2162 50686 L] 1.14 [1.06, 1.22] <0.001
Intermediate genetic risk
Favourable Water Score 1829 29041 L 1.53[1.42, 1.64] <0.001
Intermediate Water Score 3291 45721 - 1.71[1.60, 1.82] <0.001
Unfavourable Water Score 3228 50056 L 1.75[1.64, 1.87] <0.001
High genetic risk
Favourable Water Score 2926 28866 - 2.59[2.42,2.77] <0.001
Intermediate Water Score 5184 45555 L 2.84 [2.66, 3.02] <0.001
Unfavourable Water Score 5020 50436 - 2.84 [2.66, 3.02] <0.001
o.ls 1 1.15 2I 2.15 el,

Fig. 3. Risk of atrial fibrillation stratified by four domains within each genetic risk category. HR, hazard ratio;
CI, confidence interval.

decreased risk of cardiometabolic diseases*. These advantages may be closely associated with a decline in AF
prevalence.

The detrimental impact of poor water quality for AF was significant, with a PAF as high as 2.57%. Existing
research indicated hard water consumption may have a potentially positive role in CVD prevention**. Our
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Total effect Mediation effect

Exposure Outcome Effect size | P Effect size | P
LA Minimum volume 0.063 0.087 0.033 0.003**
LAEF -0.09 0.001** | - 0.017 0.003**
Minimum volume of RA -0.096 0.071 0.68 0.004**

Air pollution

score Ascending aorta minimum area | - 0.734 0.182 0.065 0.009**
Descending aorta minimum area 0.108 0.581 0.033 0.005**
LV average myocardial wall -
thickness AHA 9 -0.002 0.402 0.001 0.005
LA Minimum volume 0.054 0.636 0.018 0.537
LAEF -0.039 0.586 0.009 0.54
Minimum volume of RA 0.061 0.68 0.012 0.538

Noise pollution

score Ascending aorta minimum area 0.333 0.777 0.035 0.542
Descending aorta minimum area | - 0.306 0.508 0.018 0.535
LV average myocardial wall
thickness AHA 9 -0.002 0.781 0 0.526
LA Minimum volume -0.05 0.122 0.025 0.002**
LAEF -0.016 0.409 -0.013 0.002**
Minimum volume of RA -0.305 0.001 *** 0.016 0.003**

Greenspace

score Ascending aorta minimum area 0.058 0.881 0.048 0.009**
Descending aorta minimum area | 0.499 0.001** 0.025 0.007**
LV average myocardial wall -
thickness AHA 9 0.003 0.125 0 0.004
LA Minimum volume -0.04 0.6 0.017 0.427
LAEF -0.087 0.065 -0.008 0.428
Minimum volume of RA -0.079 0.351 0.011 0.424

Water

score Ascending aorta minimum area 1.49 0.075 0.032 0.447
Descending aorta minimum area | 0.579 0.146 0.016 0.45
LV average myocardial wall
thickness AHA 9 0.001 0.834 0 0.449

Table 3. Mediation analysis of the mediation effect of atrial fibrillation in abnormal CMR induced by the four
domains. Significant values are in [bold]. AF, atrial fibrillation; CI, confidence interval; LAEF, LA ejection
fraction.

Modell Model2
Domains Unweighted PAF | C lity | Weighted PAF | Unweighted PAF | Communality | Weighted PAF
Air pollution 0.79% 45.59% 0.53% 1.11% 62.15% 0.87%
Noise pollution 0.50% 0.40% 0.03% 1.07% 18.95% 0.47%
Greenspace 3.05% 54.29% 2.25% 5.40% 41.13% 3.46%
Water 1.24% 41.53% 0.80% 6.06% 17.96% 2.57%
Overall weighted PAF 3.61% 7.37%

Table 4. Weighted and unweighted PAF for the four domains. PAF, population attributable fraction. In Model
1, we transformed adverse factors into moderate and favorable ones. In Model 2, we converted both adverse
and moderate factors into favorable ones.

study findings supported the hypothesis that hard water consumption may have a preventive effect on CVD.
However, further validation and confirmation are required.

The PAF contribution of air pollution to AF was 0.87%. Air pollution exposure could cause atrial enlargement,
oxidative stress, and autonomic nervous imbalance?®, which could further alters intercellular coupling and gap
connection function, followed by structural and electrical changes in the atriums, ultimately leading to AF.
Exposure to NO, might induce mitochondrial dysfunction, thereby increasing arrhythmia risk*®. Notably, AF
itself is a major risk factor for ischemic stroke, and recent evidence suggests that environmental factors may
exacerbate this pathway. For instance, Swigczkowski et al. demonstrated that short-term exposure to PM, . and
NO, significantly increased ischemic stroke incidence, particularly in vulnerable subgroups such as non-elderly
women®’. This aligns with our findings on air pollution-induced AF, suggesting a potential synergistic effect where
pollution-triggered AF may further elevate stroke risk. The interplay between environmental exposures, AF, and
stroke underscores the need for integrated prevention strategies targeting both air quality and cardiovascular
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health. This not only underscored the strong association between air pollution and AF, but also highlighted the
critical importance of improving air quality in the prevention and management of this condition.

The PAF proportion of noise-related factors in AF was relatively low, potentially due to the high correlation in
noise data, which restricts the number of contributing factors in noise score. However, our study demonstrated
a significant decline in AF incidence when noise pollution is more effectively mitigated compared to solely
addressing unfavorable characteristics. Previous observational studies have also demonstrated a link between
noise pollution and AF***!, further emphasizing the significant influence of noise on the disease’s onset.

Our study, for the first time, simultaneously investigated the impact of multiple environmental factors on the
risk of AF, controlling for highly correlated variables, and employed PAF weights in each domain to expose their
non-independence. However, the intricate relationship among these factors might transcend mere consideration
of shared risk. Though limitations, the study’s results are encouraging, suggesting the potential for environmental
improvements in AF prevention.

There were a few potential limitations to acknowledge. Firstly, some environmental data available from
the UK Biobank encompassed limited time points, changes in environment throughout the follow-up period
could not be evaluated. Secondly, lack of data on certain air-related exposures like CO, SO, and 0, which
could potentially influence AF risk. Moreover, our study not considered information about environment at
locations other than the subject’s home addresses, potentially leading to exposure measurement errors. Lastly,
the participants in this study included only the British aged between 40 and 69 years, so generalizing conclusions
of PAF estimates to other age and other ethnic groups need to be interpreted carefully. Although all death cases
were retained for analysis in this study, the existence of competitive risk may affect the interpretation of the
results through unmeasured confounding factors.

Materials and methods

Study design and populations

The data we used comes from UK Biobank, which is a world-leading biomedical database. Additional
information regarding study protocol has been discussed elsewhere?. In brief, the study conducted 2006 to
2010, encompassed more than 0.5 million British aged 40-69. Participants took part in a baseline assessment
at a center, where data regarding lifestyle, physical fitness measurements, and biological samples were gathered.
The UK Biobank study obtained approval from the Northwest Multicentre Research Ethics Committee. Each
of the participants offered knowledgeable written informed consent. This study was performed in accordance
with the principles of the Declaration of Helsinki. Our study excluded participants with missing genetic and
environmental data, as well as those who had already suffered from AF prior to the baseline. The final analysis
included 374,495 participants.

Assessment of outcomes

The source of AF report was from self-reports, related medication, hospital admission records, and death
registration (Supplementary Table 5). Hospital admission records were determined by linking records with
Health Event Statistics for England and Wales and the Scottish Onset Record, enabling exact determination of
the date of first recording for each diagnosis. AF status was ascertained using ICD-10 codes 148 from hospital
registry data (Data-field 41270).

Environmental factors

We collected data on environment that were measured or derived at baseline and divided into 4 categories:
(1) residential air pollution: particulate matter (PM) with diameters<2.5 um (PM,.), PM, . absorbance,
<10 pum (PM,,), ranging from 2.5 to 10 um (PM, . /), and nitrogen oxides (NO, and NO,). (2) residential
noise pollution: 16 h and 24 h noise pollution, daytime, evening and night-time noise pollution. (3) greenspace
and coastal proximity: natural environment, greenspace, domestic garden and water percentage (at 1000 m
and 300 m home location buffers), and distance from home location to the coast. (4) water minerals content:
domestic water concentration of calcium (Ca), calcium carbonate (CaCO,) and magnesium (Mg), and the water
hardness classification. The detail of estimation of environmental factors in Supplementary Text 1.

Genotype data, QC, and PRS
The details of genotyping, imputation process, phasing and quality control have been previously
documented*}(detail in Supplementary Text 2). The calculation of PRS for AF utilized a partially independent
subset of SNPs above a specific threshold for the P-value of GWAS association*. To extract SNPs for inclusion
in the PRS calculation, we obtained GWAS statistics of AF from the IEU Open GWAS Project (https://gwas.m
rcieu.ac.uk/). The GWAS of ebi-a-GCST006414 with status available, most recent, and largest sample size was
chosen, which involved 1,030,836 European individuals, among which there were 60,620 cases and 970,216
controls. We filtered GWAS statistics results that did not possess variants with p>5x1071. Then, we used
linkage disequilibrium to identify independently correlated variants (r?<0.001).

An additive genetic model containing 73 SNP (detailed in Supplementary Table 6) was selected for PRS
calculation and carried on the standardization processing. The PRS was computed using the following formula:

PRS; = |3 Bi x Gij — mean (PRS)| /SD (PRS), where i represents the i, SNP, j represents the j,

individual, ﬁjrepresents the statistical coefficient of SNP, and G represents the number of observed effective
alleles. The procedure mentioned above was executed on PRSlice-2 in UKB Research Analysis Platform.

We adopted the previously published PRS of AF based on independent datasets to test the reliability
of our PRS-related results (Marston, Nicholas A et al. “A polygenic risk score predicts atrial fibrillation in
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cardiovascular disease” European heart journal vol. 44,3 (2023): 221-231. doi:https://doi.org/10.1093/eurhear
tj/ehac460). Download the SNPS and corresponding weights of AF risk in the published PRS articles (detailed
in Supplementary Table 7). Upload the weights of each SNP in the downloaded file to the UK Biobank Research
Analysis Platform for further processing. The plink software in the platform is used to calculate the text-based
PRS of each UKB participant.

Measurements of covariates

This study comprehensively examined several potential confounding factors form demographic, social,
economic and life style points, including age, sex, average total household income before tax, qualifications,
smoking status, alcohol score, activity group, and healthy diet scores. Detail in Supplementary Text 3.

Statistical analysis

The study recorded the survival time for per participant from their initial recruitment date until the occurrence
of AE a competitive event such as death, or censorship, whichever happened first. The Cox proportional hazards
models were applied to assess relationships between individual environmental factors and AF, adjusting for
age, gender and assessment center, estimating hazard ratios (HRs) and corresponding 95% confidence intervals
(CIs). Continuous variables were categorized into tertiles, with the lowest third serving as a reference point
for the analysis. Twenty-five variables were collected, so the total number of tests was 50. This method was
chosen to be consistent with the common practice of analyzing dose-response relationships in epidemiological
studies. Using the lowest quantile as a reference group helps us interpret the findings more intuitively, where
a HR greater than 1 means that the other groups have increased risk relative to the baseline low-risk group.
The proportional hazards assumption was tested by analyzing the relationship between time and standardized
Schoenfeld residuals®>. A conservative Bonferroni correction method was applied to determine a more
significance threshold (P<0.001). This was calculated by dividing the conventional significance level of 0.05 by
total number of tests (50). We assessed the multicollinearity among the significant variables using the Spearman
correlation coefficient, determining the presence of potential multicollinearity when the Spearman correlation
coefficient (r?) between variables exceeded 0.9. For variable pairs with r? > 0.9, we excluded the variable with
lower statistical significance to ensure the robustness of our analysis.

We categorized the variables significantly associated with AF into four domains: air pollution, noise pollution,
greenspace and coastal proximity, and water minerals content. Protective factors (HR < 1) were subjected to a
reverse coding approach, serving as an indicator of potential detrimental effects, with each factor demonstrating
harmfulness (HR > 1) awarded a score of 1. In the Cox models, where risk factors within each domain were
mutually adjusted and baseline age, sex, and assessment center were controlled, we gained the B-coefficients for
each variable, which used to generate weighted risk scores for each domain. The initial binary variables were
multiplied by their respective p coeflicients, summing the products, and finally dividing by the total sum of the
coefficients. The resulting score served as a measure of an individual’s exposure to a number of risk factors, with
higher scores indicating a higher level of exposure. We further classified scores into tertiles: favorable, moderate,
and unfavorable.

To estimate the impact of risk scores in each domain on AF, we adopted multiple Cox regression models.
First of all, we examined the relationship between risk scores in four domains and AF, adjusted according to
age, gender and assessment center. Then, we further included the collected confounding factors as covariates in
the Cox regression model. Furthermore, we conducted the same Cox regression analysis using unweighted risk
scores to further verify the robustness of the results.

To assess the impact of genetic factors, we evaluated the relationship between PRS and the risk of AF using
a PRS based on the UK Biobank dataset. Two models were utilized: the first model adjusted only for age, sex,
assessment center, and genotyping measurement, while the second model further adjusted for all collected
confounding factors. In the sensitivity analysis, we extracted only White samples for an independent analysis
and also assessed the relationship between PRS and the risk of AF using a PRS based on an independent dataset.

To explore the potential influence of genetic predisposition on the relevance between AF incidence and each
score, we divided participants into 9 groups based on levels of genetic risk (low, medium, and high) and the
tertiles of each score. We evaluated the HR of each group of AF, and adjusted for age, gender, assessment center
and genotype measurement as covariates in the Cox model. We also looked at the interplay between genes and
each domain on AF incidence by including continuous composite scores in four domains and PRS cross-product
terms into the model.

To investigate the correlation among environment, AF, and changes in CMR features, and considering the
multicollinearity problem in the association analysis between CMR features and AF, the contents of CMR image
acquisition and analysis are supplemented in Supplementary Text 4. Wwe used Lasso regression to screen out
CMR features that were significantly associated with AF. This step is a necessary prerequisite for mediation
analysis and meets the requirements of the Baron & Kenny pathway model, that is, there must be significant
associations among exposure-mediation— outcome?®. We constructed a Lasso regression model with AF as
the dependent variable and CMR features as the independent variables. The optimal penalty parameter A was
selected through 10-fold cross-validation to minimize the model prediction error. The data were divided into 10
parts, with 9 parts used as the training set and 1 part as the validation set in each iteration. After repeating this
process 10 times, the average prediction error was calculated. The A value that minimized the average prediction
error was chosen as the optimal parameter. As the penalty parameter A increased, some variables with weaker
associations with AF had their coeflicients shrink to zero earlier and were automatically screened out.

Previous studies have not focused on the changes in CMR characteristics caused by environmental factors
influencing the risk of AF. Therefore, this study hypothesized that environmental exposure could indirectly
affect CMR characteristics by increasing the risk of AF, and this study tested the mediating role among them.
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The mechanism pathways of environmental exposure affecting CMR characteristics through AF were examined
through three key steps: Firstly, an exposure-outcome total effects model (CMR ~ environmental exposure)
was established to evaluate the direct impact of environmental factors on CMR parameters; Secondly, the
exposure - mediation model (AF - environmental exposure) and the mediation - outcome model (CMR -
AF + environmental exposure) were respectively fitted to obtain the path coefficients; Finally, the mediating effect
size was calculated by the product method (path ax path b), and the 95% confidence interval was calculated by
Bootstrap sampling (1000 times) for statistical inference. In order to prove the rationality of the mediation
analysis, a three-stage density curve graph was used to display the temporal data distribution density of exposure
- mediation - outcome.

To quantify the proportion of AF reduction that could be attributed to replacing risk factors with beneficial
factors, we estimated the PAF for each domain. Using the Cox regression model adjusted for age, gender, assessment
center, and all collected confounding factors, we calculated the HR for each domain. Then, we generated PAFs for
each domain using the formula:PAF = (Ppop X (HR — 1))/ [Ppop X (HR — 1) + 1], where P op Tepresents
the exposure rates in the total population. PAF is commonly employed for categorical variables®’. 6onsequently,
we employed two distinct models: the first model incorporated both advantageous and moderate factors from
four domains, eliminating adverse ones, to yield a conservative estimate. The second model retained only the
advantageous factors, eliminating both moderate and adverse elements, intending to provide a more optimistic
forecast. First, PAFs for each domain were generated in Cox models that were adjusted for baseline age, gender,
and the assessment center. To mitigate the PAF potential overestimation due to interaction among risk factors,
we employed principal component analysis (PCA) to compute the commonality among the factors applying
it to determine the weights of each PAF. Both individual-weighted PAFs and combined-weighted PAFs were
calculated based on the PCA-derived factor weights. we included only individuals who were monitored for over
six years in our sensitivity analysis to reduce possible influence of reverse causality on observed association.

Conclusions

In this retrospective study, our findings revealed the association between AF and multiple environmental factors.
The results indicated air pollution, noise pollution, inadequate green spaces, and water quality deterioration were
associated with an increased risk of AF. The gene-environment interactions could increase the risk of AE AF
occurs could further affect the cardiac structure. The PAF estimated underscores the significance of prioritizing
improvements in greenspace and water quality. Enhanced air quality and reduced noise pollution could further
contribute to risk reduction.

Data availability

This research has been conducted using the UK Biobank, a publicly accessible database. Data were used under
application number 94,885. The datasets are available to researchers through an open application via https://ww
w.ukbiobank.ac.uk/enable-your-research/apply-for-access.
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