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Abstract  19 

Genomic risk prediction is on the emerging path towards personalized medicine. However, the 20 

accuracy of polygenic prediction varies strongly in different individuals. In this study, based on 21 

up to 352,277 White British participants in the UK Biobank, we constructed polygenic risk scores 22 

for 15 physiological and biochemical quantitative traits after performing genome-wide 23 

association studies (GWASs). We identified 185 polygenic prediction variability quantitative trait 24 

loci (pvQTLs) for 11 traits by Levene’s test among 254,376 unrelated individuals. We validated 25 

the effects of pvQTLs using an independent test set of 58,927 individuals. A score aggregating 51 26 

pvQTL SNPs for triglycerides had the strongest Spearman correlation of 0.185 (p-value < 1.0x10-27 
300) with the squared prediction errors. We found a strong enrichment of complex genetic effects 28 

conferred by pvQTLs compared to risk loci identified in GWASs, including 89 pvQTLs exhibiting 29 

dominance effects. Incorporation of dominance effects into polygenic risk scores significantly 30 

improved polygenic prediction for triglycerides, low-density lipoprotein cholesterol, vitamin D, 31 

and platelet. After including 87 dominance effects for triglycerides, the adjusted R2 for the 32 

polygenic risk score had an 8.1% increase on the test set. In addition, 108 pvQTLs had significant 33 

interaction effects with measured environmental or lifestyle exposures. In conclusion, we have 34 

discovered and validated genetic determinants of polygenic prediction variability for 11 35 

quantitative biomarkers, and partially profiled the underlying complex genetic effects. These 36 

findings may assist interpretation of genomic risk prediction in various contexts, and encourage 37 

novel approaches for constructing polygenic risk scores with complex genetic effects. 38 

 39 

 40 

  41 
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Introduction 42 

In recent years, large-scale genome-wide association studies (GWASs) have begun to reveal 43 

genetic architecture of complex traits [1]. Accurately estimated effects of genetic determinants 44 

have rendered construction of polygenic risk scores possible [2, 3]. These polygenic risk scores 45 

aggregate multiple genetic variants associated with the target traits across the genome and may 46 

be able to capture a significant proportion of trait heritability [2, 4]. It has been recognized that 47 

polygenic risk scores can contribute importantly both clinically and in research, by  enabling risk 48 

stratification in large populations [2, 5-7], informing on risk factors [8, 9], assisting diagnosis for 49 

complex diseases [10], and suggesting potential therapeutic targets [11]. 50 

 51 

Despite its ever-increasing efficiency, polygenic prediction has important shortcomings. Inter-52 

population heterogeneity, especially genetic ancestry discrepancies, may lead to substantial 53 

attenuation in the predictive performance of polygenic risk scores [12, 13]. However, even within 54 

the same population, the prediction accuracy of polygenic risk scores can be highly variable [14]. 55 

For instance, amongst White British participants in the UK Biobank [15], polygenic risk scores 56 

have been demonstrated to predict body mass index (BMI) more accurately in middle-aged adults 57 

than in older adults, and to predict years of schooling more accurately amongst individuals in 58 

lower socioeconomic status groups [14]. Analogous to trait variability, such prediction variability 59 

may itself be partially under genetic control and may have genetic architecture distinct from that 60 

of the trait. For example, a variability quantitative trait locus in the FTO gene has been found to 61 

be associated with the variability of BMI, with approximately 7% difference in the population 62 
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variance between the opposite homozygous genotypes [16], although most known risk loci for 63 

the phenotypic mean of BMI do not have detectable effects on the phenotypic variance [17].  64 

 65 

In addition, to date, most existing polygenic risk scores include linear additive effects of common 66 

genetic variants. While more complex genetic effects, including dominance effects and 67 

interaction effects, exist for many complex traits [18-21], they are difficult to  rigorously model 68 

in polygenic risk scores due to their relatively weak effect sizes [22, 23]. Therefore, profiling the 69 

genetic determinants of prediction variability within a population may help better understand 70 

intra-population heterogeneity, interpret results of genomic risk predictions, and further 71 

improve methods for developing polygenic risk scores. 72 

 73 

In this study, leveraging resources from the UK Biobank [15], we construct polygenic risk scores 74 

for 15 vital physiological and biochemical quantitative traits. We then systematically search for 75 

polygenic prediction variability quantitative trait loci (pvQTLs) acting on the residuals after 76 

correcting for the standard linear PRS and other known covariates, and validate their effects on 77 

the accuracy of polygenic prediction. We assess dominance effects and interaction effects with 78 

environmental and lifestyle exposures underlying these pvQTLs. Lastly, we seek to improve 79 

polygenic prediction by incorporating dominance effects into polygenic risk scores. 80 

 81 

Results 82 

Characterization of pvQTLs 83 
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An overview of this study is provided in Figure 1 and detailed in Methods. Briefly, White British 84 

participants in the UK Biobank were randomly assigned into a discovery set (80%), a linkage 85 

disequilibrium (LD) reference set (1.5%), and a test set (18.5%) (Supplementary Tables S1 and 86 

S2). On the UK Biobank discovery set, GWAS and conditional and joint multiple SNP (COJO) 87 

analyses identified QTLs for 15 physiological and biochemical traits. These traits demonstrated 88 

high polygenicity, with glucose having the smallest number of near-independent QTL SNPs (60), 89 

and height having the largest number (1,317) (Supplementary Tables S3 and S4). Although less 90 

powered than the largest meta-analyses of GWASs [24], these in-sample GWASs should ensure 91 

homogeneity of estimated genetic effects in the discovery and test sets. Polygenic risk scores 92 

constructed using these near-independent SNPs captured a non-trivial proportion of the total 93 

phenotypic variance, up to 16.93% for platelet counts (Supplementary Table S3). 94 

 95 

By performing the median-based Levene’s test, we then identified genetic variants significantly 96 

associated with polygenic prediction variability (Methods). In total, 185 near-independent 97 

pvQTLs were identified for 11 out of the 15 quantitative traits under investigation (Figure 2A). 98 

No pvQTLs were identified for diastolic blood pressure (DBP), height, waist-to-hip ratio (WHR), 99 

and nucleated red blood cell (nRBC) count. However, plasma lipid traits demonstrated the most 100 

pvQTL, with 52 for low-density lipoprotein (LDL) cholesterol and 51 for triglycerides 101 

(Supplementary Table S5). Based on genomic annotations, 108 of these 185 pvQTLs were located 102 

in 81 known genes (Supplementary Table S6). Furthermore, we found 51 pvQTLs that seemed to 103 

be located in upstream regulatory regions of known genes, and 26 pvQTLs in downstream 104 

regulatory regions (Supplementary Table S6). 105 
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 106 

Subsequently, we estimated the heritability of the polygenic prediction variability of each trait. 107 

Although a considerable proportion of trait variance is explained by GWAS SNPs (Figure 2B, and 108 

previously shown by many authors http://www.nealelab.is/uk-biobank/), none of these 15 traits 109 

exhibited a strong heritability of prediction variability. Traits that had more pvQTLs in general 110 

demonstrated higher heritability of prediction variability, though the highest heritability was 111 

estimated to be only 5.73% (SD = 1.21%) for triglycerides, followed by 4.46% (SD = 0.30%) for 112 

BMI, and 3.83% for vitamin D (SD = 1.73%; Figure 2C). On the contrary, four traits that did not 113 

have identified pvQTLs (DBP, height, WHR, and nRBC) and calcium which had one pvQTL, had the 114 

lowest prediction variability heritability estimates from LD score regression, all below 0.70% 115 

(Figure 2C). 116 

 117 

Our observations of genetic correlations in phenotypic variability were limited to traits that were 118 

biologically related (Supplementary Figure S1 and Supplementary Table S7). As expected, LDL, 119 

triglycerides, and glucose had pairwise significant genetically correlated prediction variability, 120 

with the strongest correlation of 0.38 (SD = 0.09; p-value = 1.2x10-5) between LDL and 121 

triglycerides. Meanwhile, prediction variability of BMI was genetically correlated with prediction 122 

variability of WHR (correlation = 0.35; SD = 0.07; p-value = 7.4x10-7), heel bone mineral density 123 

(correlation = 0.33; SD = 0.08; p-value = 8.9x10-6), plasma glucose (correlation = 0.38; SD = 0.07; 124 

p-value = 2.9x10-8), hemoglobin A1c (HbA1c; correlation = 0.29; SD = 0.05; p-value = 2.4x10-9), 125 

and LDL (correlation = 0.14; SD = 0.05; p-value = 7.1x10-3). 126 

 127 

http://www.nealelab.is/uk-biobank/
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Validation of pvQTL effects on polygenic prediction 128 

We examined whether the identified pvQTLs had effects on polygenic prediction (Methods). For 129 

eight traits that had more than one pvQTL, on the test set, a pvQTL score constructed based on 130 

the discovery set demonstrated significant association with the squared prediction errors of the 131 

polygenic risk scores (Figure 3). For example, the pvQTL score for triglycerides based on 51 pvQTL 132 

SNPs had a Spearman correlation of 0.185 (p-value < 1.0x10-300) with the squared prediction 133 

errors; the pvQTL score for vitamin D based on ten pvQTL SNPs had a Spearman correlation of 134 

0.109 (p-value = 4.1x10-141) with the squared prediction errors (Figure 3). Although only one 135 

pvQTL was identified for heel bone mineral density (BMD), this pvQTL SNP also demonstrated 136 

significant association with the squared prediction errors (Spearman correlation = 0.036; p-value 137 

= 7.2x10-11; Figure 3). On the other hand, the single pvQTL for systolic blood pressure (SBP) had 138 

the weakest association with the squared prediction errors and was deemed insignificant (Figure 139 

3).  140 

 141 

Enrichment of dominance effects and SNP-exposure interaction effects amongst pvQTLs 142 

The majority of QTLs did not demonstrate impact on polygenic prediction variability, since there 143 

was little evidence of colocalization with pvQTL signals (colocalization posterior probability, i.e. 144 

CLPP < 0.01 [25]; Figure 4A and Supplementary Table S8). Compared to QTLs, pvQTLs were more 145 

likely to have dominance effects on the corresponding traits (Figure 4B), as 89 (48.1%) of the 185 146 

pvQTL SNPs had at least one allele with a p-value < 1.4x10-4 (Bonferroni threshold accounting for 147 

370 tests) for dominance effect (Methods). Interestingly, QTLs with a higher CLPP, suggesting a 148 

stronger effect on prediction variability, were also more likely to have a detectable dominance 149 
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effect. Specifically, 92 (20.2% out of 455) QTLs with a CLPP > 0.1 had a p-value < 1.4x10-4 for 150 

dominance effect, compared to 62 (7.9% out of 787) among those with a CLPP between 0.01 and 151 

0.1, 53 (4.0% out of 1,328) among those with a CLPP between 0.001 and 0.01, and 10 (4.5% out 152 

of 223) among those with a CLPP ≤ 0.001 (Figure 4B). 153 

 154 

On the discovery set, at least one significant pvQTL SNP-exposure interaction effect with a p-155 

value < 3.0x10-5 (Bonferroni threshold accounting for 9 exposures x 185 pvQTL SNPs = 1,665 tests) 156 

was detected for each of the nine exposures, while a total of 108 (58.4%) pvQTL SNPs had 157 

interaction effects with at least one exposure (Supplementary Figure S2 and Supplementary 158 

Table S9). Notably, pvQTL SNPs for LDL, triglycerides, glucose and HbA1c had interaction effects 159 

with the use of cholesterol-lowering drug or anti-hypertensive drug; pvQTL SNPs for glucose and 160 

HbA1c further had interaction effects with type 1 and type 2 diabetes (Supplementary Figure S2). 161 

As expected, these interaction effects also appeared to be more enriched amongst pvQTLs than 162 

GWAS-identified QTLs (Figure 4C). Full summary statistics of dominance effects and SNP-163 

exposure interaction effects are provided in Supplementary Table S8 and Supplementary Table 164 

S9. 165 

 166 

Improved polygenic prediction by incorporating dominance effects 167 

By modelling dominance effects on the discovery set (Methods), polygenic risk scores 168 

incorporating additional dominance effects may have improved predictive performance on the 169 

test set (Figure 5 and Supplementary Table S10). For instance, after incorporating 87 dominance 170 

effects with a false discovery rate (FDR) < 0.05 for triglycerides, the adjusted R2 for the polygenic 171 
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risk score increased from 0.1193 to 0.1290 (8.1% relative increment) including covariate effects; 172 

with 64 additional dominance effects in an LDL polygenic risk score, the adjusted R2 increased 173 

from 0.0950 to 0.1024 (7.8% relative increment; Figure 5). Significant improvements in predictive 174 

performance were also observed for polygenic risk scores for vitamin D (1.1% relative increment) 175 

and platelet (0.5% relative increment), despite their smaller magnitude (Figure 5). These 176 

improvements were consistent if a more stringent Bonferroni threshold was implemented to pre-177 

select dominance effects to be incorporated into the polygenic risk scores (Figure 5 and 178 

Supplementary Table S11). However, predictive performance of polygenic risk scores for other 179 

traits did not exhibit evident improvements. 180 

 181 

Discussion 182 

In the past decade, discovery of genetic determinants for complex traits enabled by well-183 

established cohorts has empowered polygenic risk scores to achieve considerable prediction 184 

accuracy [2, 3, 26, 27]. However, one of the major obstacles yet to be overcome before polygenic 185 

risk scores can be universally utilized in health care is the highly variable predictive performance 186 

amongst different groups of individuals [14]. Following one line of investigation as to why these 187 

performance differences occur, in this work, we sought to identify and characterize pvQTLs for 188 

15 key physiological and biochemical quantitative traits based on White British participants in 189 

the UK Biobank.  190 

 191 

In total, 185 pvQTLs were identified for 11 out of the 15 traits under investigation. Although the 192 

overall genetic contributions to polygenic prediction variability were small in number and 193 
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magnitude, these pvQTLs affected pivotal genes in the biological pathways pertaining to the 194 

target traits. For instance, pvQTLs were identified in the APOB, LDLR, and PCSK9 genes for LDL, 195 

which are three clinically actionable genes for familial hyperlipidemia [28-30]. Meanwhile, as 196 

expected, some pvQTLs were previously known to be associated with both the phenotypic mean 197 

and phenotypic variance of the target traits, including but not limited to pvQTLs identified in the 198 

FTO gene for BMI [16], in the CHRNA3 gene for ratio of the forced expiratory volume in the first 199 

one second to the forced vital capacity of the lungs (FEV1/FVC ratio) [17], and in the TCF7L2 gene 200 

for glucose and HbA1c levels [17]. Apart from SBP, the aggregated effects of pvQTLs for ten traits 201 

were verified to be significantly associated with squared polygenic prediction errors on an 202 

independent test set. These identified pvQTLs hence provide important resources for 203 

characterizing intra-population heterogeneity and are candidates for explaining complex genetic 204 

effects. 205 

 206 

Dominance effects were found to be strongly enriched among pvQTLs compared to GWAS-207 

identified QTLs. By incorporating dominance effects conferred by pvQTLs, polygenic prediction 208 

accuracy was improved for LDL, triglycerides, vitamin D, and platelets, but not for other traits 209 

where pvQTLs showed more limited effects. Although the improvements in accuracy were not 210 

large, our results encourage analysts to explicitly model complex genetic effects in addition to 211 

linear additive effects for common variants when developing polygenic risk scores, particularly 212 

when polygenic prediction accuracy demonstrates a high variability between sub-populations 213 

having different demographic characteristics or exposed to different risk factors.  Genome-wide 214 

scans for dominance effects have been difficult in traditional GWASs due to limited statistical 215 
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power. Yet, ,  loci harboring dominance effects   have sometimes been identified in large cohorts, 216 

such as KSR2 and ZNF507-LOC400684 for coronary artery disease [31]. We thus also anticipate 217 

our analytical scheme could be generalized to identify dominance effects with a significantly 218 

reduced number of association tests, and could bring a new avenue towards understanding the 219 

genetics of complex traits.  220 

 221 

SNP-exposure interactions are another important source of genotype-dependent phenotypic 222 

variance heterogeneity [17, 32, 33]. Among the identified pvQTLs, nearly 60% interacted with at 223 

least one of the nine environmental or lifestyle exposures that represented crucial clinical 224 

conditions. These interaction effects implied that the same genetic variant could have condition-225 

specific effects on the corresponding traits. For instance, the FEV1/FVC ratio pvQTL (rs56077333 226 

in the CHRNA3 gene, which is associated with lung functions and smoking behaviors [34, 35]) had 227 

an effect on FEV1/FVC ratio specific to ever-smokers; use of cholesterol-lowering drug and anti-228 

hypertensive drug, as well as type 1 diabetes and type 2 diabetes widely altered the effects of 229 

pvQTL SNPs on blood lipids and glycemic traits. Notably, although we did not attempt to 230 

incorporate these interaction effects into polygenic risk scores in order to avoid potential 231 

confounding effects, constructing condition-specific polygenic risk scores may also be desired in 232 

future prospective studies with larger sample sizes. 233 

 234 

Our study has important limitations. First of all, our findings should be considered population-235 

specific. It has been revealed in multiple studies that genetic, particularly polygenic effects on 236 

complex traits may be subject to alterations in the underlying genetic architectures [12, 13], 237 
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including but not limited to changes in minor allele frequencies, LD patterns, interactions with 238 

population-specific environmental exposures as well as trait heritability. We posit that these 239 

inter-population differences also have strong impacts on pvQTL effects. Due to the limited 240 

sample sizes of non-European ancestry populations present in the UK Biobank, we refrained from 241 

screening for pvQTLs in these populations. We expect future work in emerging non-European 242 

cohorts to extend our findings, potentially leveraging population-specific polygenic risk scores. 243 

Second, following Wang et al. [17], we adopted Levene’s test for pvQTL discovery. Compared to 244 

other classical approaches, such as Bartlett’s test [36] and Fligner-Killeen test [37] that also assess 245 

violation of variance homogeneity assumption in linear regression, Levene’s test has been shown 246 

to have a considerably lower false positive rate, especially when the effects on variance are weak 247 

[17]. However, because the model assumptions of Levene’s test is violated in the presence of 248 

genetic relatedness, related individuals were discarded from our analyses. A recently developed 249 

double generalized linear model that performs a dispersion effect test is able to incorporate 250 

random effect modelling to account for genetic relatedness [38], while achieving comparable 251 

performance as Levene’s test on the same samples [17]. This method could probably have 252 

enhanced power by including related individuals, but was not utilized in this study to perform 253 

genome-wide scanning for pvQTL due to its high computational cost [17, 38]. It is worth noting 254 

also that   Levene’s test targets variance heterogeneity in quantitative traits. It remains 255 

challenging to efficiently identify and characterize pvQTL for binary traits, such as disease 256 

outcomes. In addition, our analyses were restricted to common SNPs to ensure statistical power. 257 

More rigorous methods, such as region-based tests [39], may allow for integration of rare 258 

variants that also have strong effects on phenotypic variability. Lastly, although we identified 259 



 13 

significant dominance effects and SNP-exposure interaction effects underlying some pvQTL, 260 

there were still many pvQTLs that did not display dominance effects and did not interact with 261 

any of the exposures examined in this study. While arguably these pvQTLs could  interact with 262 

exposures not tested in the current study, we note that they may also arise from other 263 

mechanisms [33], such as genetically controlled homeostatic regulation and epistasis. More 264 

investigations are needed to evaluate if these mechanisms are plausible. 265 

 266 

In summary, we have discovered and validated genetic variants associated with the polygenic 267 

prediction variability of 11 vital physiological and biochemical traits. We have elucidated the 268 

nature of some of the pvQTL effects and the added value of incorporating complex genetic effects 269 

into polygenic risk scores. These findings warrant future investigations into the interpretation of 270 

polygenic risk prediction in different contexts, as well as novel approaches for developing 271 

polygenic risk scores for improved personalized medicine.  272 

 273 

Methods 274 

Study cohort 275 

We utilized the UK Biobank [15], one of the largest genotyped cohorts to ensure statistical power. 276 

Between 2006-2010, the UK Biobank recruited and genotyped approximately 500,000 middle 277 

aged and older participants at multiple assessment centers located in the United Kingdom. 278 

Though participants in the UK Biobank were healthier, less obese, and less likely to smoke and 279 

consume alcohol compared to the general population [40], this cohort has facilitated extensive 280 

investigations on the associations between the genetics, environmental and lifestyle exposures, 281 
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and health outcomes. The UK Biobank performed genome-wide genotyping using Affymetrix 282 

arrays based on DNA extracted from blood samples provided by the participants. The genotypes 283 

were imputed to the Haplotype Reference Consortium reference panel [41].  284 

 285 

Deep phenotyping of the UK Biobank participants was conducted upon the initial assessment visit 286 

[15], including a wide variety of anthropometric measurements, blood and urine biomarkers, etc. 287 

We hereby focused on 15 quantitative traits that were important biomarkers in health care 288 

practice or research while having a complex genetic architecture. These traits were BMI, WHR, 289 

standing height, heel BMD, plasma total calcium, plasma vitamin D, FEV1/FVC ratio, plasma 290 

glucose, HbA1c, plasma LDL cholesterol, plasma triglycerides, DBP, SBP, nRBC count, and platelet 291 

count.  292 

 293 

Because the genetic architectures of complex traits might differ across populations of different 294 

genetic ancestries [12, 13], we only included 440,346 genotyped White British ancestry 295 

participants. We randomly split this cohort into three datasets: a discovery set (80.0%), an LD 296 

reference set (1.5%), and a test set (18.5%). Furthermore, to reduce the confounding effects of 297 

genetic relatedness, we first derived pairwise genetic relationship based on autosomal SNPs 298 

using the Genome-wide Complex Trait Analysis (GCTA) software [42] with default settings. We 299 

then randomly removed one individual in each pair of third-degree or closer relatives that had a 300 

kinship > 0.0442 [17]. In total, 318,071 largely unrelated individuals were retained 301 

(Supplementary Table S1), including 254,376 in the discovery set, 4,768 in the LD reference set, 302 

and 58,927 in the test set. Apart from the linear mixed model-based GWASs performed on the 303 
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discovery set, all downstream analyses were conducted using the datasets that had excluded 304 

related individuals.  305 

 306 

Genome-wide association studies and construction of polygenic risk scores 307 

On the discovery set that included related individuals, we retained 6,708,723 common SNPs 308 

(minor allele frequency > 0.05) that were genotyped or imputed with an imputation quality score 309 

(INFO) > 0.8. We next conducted GWASs for each of the 15 quantitative traits using the linear 310 

mixed model implemented in fastGWA [43], adjusted for age, sex, recruitment center, 311 

genotyping array, as well as the first 20 genetic principal components. The genetic principal 312 

components provided by the UK Biobank were calculated using genotyped SNPs of high quality 313 

after LD-pruning [15]. For each trait, we excluded individuals whose phenotypes were more than 314 

5 standard deviations (SD) away from the phenotypic mean after adjusting for these covariates. 315 

 316 

We then performed COJO analysis [44] of the GWAS summary statistics of each trait to identify 317 

near-independent quantitative trait loci (QTLs; p-value < 5x10-8) using the GCTA software [42] 318 

with default settings. The LD reference set was used as the LD reference panel to account for LD 319 

at each given locus. For each trait, following Yengo et al. [24], we constructed polygenic risk 320 

scores as the sum of allele dosage of the near-independent QTL SNPs, weighted by their effect 321 

sizes on the corresponding trait estimated in GWAS. We evaluated the proportion of total 322 

phenotypic variance explained by each polygenic risk score in the discovery, LD reference, and 323 

test sets separately. 324 

 325 
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Levene’s test for identifying prediction variability quantitative trait loci 326 

In the discovery set excluding related individuals, for each trait, we regressed out the effects of 327 

age, sex, recruitment center, genotyping array, the first 20 genetic principal component, and the 328 

polygenic effect summarized by a polygenic risk score, using linear regression. With the 329 

regression residuals (prediction errors) as responses, we performed median-based Levene’s test 330 

on a per-SNP basis, as implemented in the OmicS-data-based Complex trait Analysis (OSCA) 331 

software [45]. Again, we excluded individuals whose residualized phenotypes were more than 5 332 

SD away from the mean. The per-allele effect of each SNP on the squared prediction errors was 333 

derived from z-statistics [45, 46]. Notably, we did not impose any transformation of the 334 

phenotypes in either the GWASs or in pvQTL discovery, because (1) Levene’s test is robust to 335 

distribution of the phenotypes, and (2) it has been shown that non-linear transformation, such 336 

as the logarithm transformation or the rank-based inverse normal transformation, may lead to 337 

an inflated false positive rate in Levene’s test [17]. 338 

 339 

COJO analysis [44] was performed on the pvQTL summary statistics of each trait to identify near-340 

independent pvQTL SNPs using the GCTA software [42] with default settings and with the LD 341 

reference set as the LD reference panel. 342 

 343 

To account for testing multiple correlated traits, we determined the effective number of traits by 344 

an eigen-decomposition approach [17]. Specifically, we calculated the variance-covariance 345 

matrix of all 15 traits based on the UK Biobank discovery set excluding related individuals. The 346 
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eigen-decomposition of this variance-covariance matrix yielded 15 ordered eigenvalues (𝜆𝜆1, …, 347 𝜆𝜆15). The effective number was estimated as 348 �∑ λk15k=1 �2∑ λk215k=1 ≈ 10.8 349 

Therefore, we set the corrected genome-wide significance threshold as p-value < 5x10-8/10.8 ≈ 350 

4.6x10-9. All identified pvQTLs were annotated to their nearest genes based on the hg19 genome 351 

assembly. 352 

 353 

Estimating heritability and cross-trait genetic correlation of polygenic prediction variability 354 

We next estimated the heritability of polygenic prediction variability by performing LD score 355 

regression [47] leveraging the pvQTL summary statistics for each trait. We also performed cross-356 

trait LD score regression [48] for each pair of the 15 traits to quantify the genetic correlation of 357 

polygenic prediction variability. Genetic correlation with an FDR < 0.05 was considered significant. 358 

LD score regression and cross-trait LD score regression were implemented in the LDSC software 359 

[47] with default settings. LD scores were provided by the LDSC software, and were obtained 360 

from the participants of the 1000 Genomes Project of European ancestry [49, 50].  361 

 362 

Predicting the variability of prediction errors 363 

To estimate the pvQTL effects on polygenic prediction variability, we constructed pvQTL scores 364 

based on the per-allele effect of each near-independent pvQTL SNP on the prediction errors 365 

estimated above. On the test set, for traits with identified pvQTLs, we first regressed out the 366 

effects of the corresponding polygenic risk scores, age, sex, recruitment center, genotyping array, 367 
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and the first 20 genetic principal components. We examined whether the squared residuals 368 

(prediction errors) were associated with the pvQTL scores, by estimating the Spearman’s rank 369 

correlation coefficient (𝜌𝜌). 370 

 371 

Colocalization analyses 372 

We subsequently evaluated whether the QTLs identified in GWAS and used for constructing 373 

standard polygenic risk scores had impact on the prediction variability by performing 374 

colocalization analyses using the eCAVIAR software [25]. We retrieved GWAS summary statistics 375 

and pvQTL summary statistics for all SNPs in a 100-SNP window [25] centered around each near-376 

independent QTL SNP identified in GWASs. The UK Biobank LD reference set was used as the LD 377 

reference panel. Evidence for colocalization was assessed by the colocalization posterior 378 

probability, i.e. CLPP [25]. 379 

 380 

Detecting dominance effects  381 

In the discovery set, but excluding related individuals, we tested whether the identified pvQTLs 382 

had significant dominance effects. Significance of the dominance effects was assessed for each 383 

near-independent pvQTL SNP by comparing the following two linear regression models using a 384 

likelihood ratio test: 385 𝑌𝑌~𝛽𝛽0 + 𝐷𝐷𝛽𝛽𝐷𝐷 + 𝑸𝑸𝑸𝑸 386 

and 387 𝑌𝑌~𝛽𝛽0 + 𝑸𝑸𝑸𝑸 388 
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where 𝑌𝑌 represents the trait with phenotypic mean 𝛽𝛽0; 𝐷𝐷 is an indicator of carriers of the chosen 389 

allele with effect 𝛽𝛽𝐷𝐷  (the two alleles of each pvQTL SNP were tested in turn for dominance 390 

effects); 𝑸𝑸 represents covariates (age, sex, recruitment center, genotyping array, the first 20 391 

genetic principal component, as well as the polygenic risk score) with effects 𝑸𝑸.  392 

 393 

Detecting SNP-exposure interaction effects 394 

Furthermore, we examined whether the pvQTL SNPs showed evidence for interaction with 395 

measured environmental or lifestyle exposures, using the discovery set. Nine common exposures 396 

were investigated, including age, sex, smoking, self-reported alcohol intake frequency, type 2 397 

diabetes, type 1 diabetes, use of cholesterol-lowering drug, use of anti-hypertensive drug, and 398 

sedentary activity duration. Although type 2 diabetes and type 1 diabetes are not traditional 399 

exposure variables, they were included due to the widespread impact on metabolism. 400 

 401 

Smoking status was determined according to self-reported smoking history, and included ever-402 

smokers and never-smokers. Type 2 diabetes was ascertained using a combination of self-403 

reported physician-made diagnosis, self-reported use of anti-diabetic drugs (insulin, 404 

sulfonylureas, metformin, etc.) and International Classification of Diseases (ICD-10) diagnosis 405 

codes (E11-E14). Type 1 diabetes cases were identified based on ICD-10 diagnosis code of E10. 406 

Individuals with type 1 diabetes were not considered type 2 diabetes cases. Cholesterol-lowering 407 

drugs reported by UK Biobank participants included statin (atorvastatin, fluvastatin, pravastatin, 408 

rosuvastatin, simvastatin, etc.), cholesterol absorption inhibitors (ezetimibe, etc.), and others. 409 

Anti-hypertensive drugs included diuretics (amiloride, bumetanide, etc.), calcium channel 410 
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blockers (amlodipine, nifedipine, diltiazem, verapamil, etc.), angiotensin-converting enzyme 411 

inhibitors (enalapril, lisinopril, ramipril, etc.), angiotensin II receptor antagonists (losartan, 412 

valsartan, etc.), adrenergic receptor antagonists (atenolol, metoprolol, nadolol, etc.) and others. 413 

Sedentary activity duration was the sum of self-reported number of hours spent on driving, using 414 

computer, or watching television [17]. Summaries of these environmental factors are provided 415 

in Supplementary Table S2. 416 

 417 

Significance of the SNP-exposure interaction effects was assessed for each pair of near-418 

independent pvQTL SNP and candidate exposure by comparing the two following linear 419 

regression models using a likelihood ratio test: 420 𝑌𝑌~𝛽𝛽0 + 𝐺𝐺𝛽𝛽𝐺𝐺 + 𝐸𝐸𝛽𝛽𝐸𝐸 + 𝐺𝐺 × 𝐸𝐸𝛽𝛽𝐺𝐺×𝐸𝐸 +𝑸𝑸𝑸𝑸 421 

and 422 𝑌𝑌~𝛽𝛽0 + 𝐺𝐺𝛽𝛽𝐺𝐺 + 𝐸𝐸𝛽𝛽𝐸𝐸 + 𝑸𝑸𝑸𝑸 423 

where 𝑌𝑌 represents the phenotype with phenotypic mean 𝛽𝛽0; 𝐺𝐺 and 𝐸𝐸 represent the genotype 424 

at an identified pvQTL SNP, and one of the nine candidate exposures with effects 𝛽𝛽𝐺𝐺  and 𝛽𝛽𝐸𝐸  425 

respectively; 𝐺𝐺 × 𝐸𝐸  stands for the SNP-exposure interaction with effect 𝛽𝛽𝐺𝐺×𝐸𝐸 ; 𝑸𝑸  represents  426 

other covariates (age, sex, recruitment center, genotyping array, the first 20 genetic principal 427 

component, as well as the polygenic risk score) with effects 𝑸𝑸.  428 

 429 

We repeated the analyses of dominance effects and SNP-exposure interaction effects for all near-430 

independent QTL SNPs identified in GWASs. 431 

 432 
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Incorporating dominance effects into polygenic risk scores 433 

To potentially improve polygenic predictions, for each trait, we built a multivariate linear 434 

regression model on the discovery set to combine the polygenic risk score with all pvQTLs 435 

demonstrating significant dominance effects, adjusted for age, sex, recruitment center, 436 

genotyping array, and the first 20 genetic principal components. To account for multiple testing 437 

(185 pvQTLs x 2 alleles = 370 tests), we experimented with both an FDR threshold and a 438 

Bonferroni threshold for calling significant dominance effects. Using the estimated regression 439 

coefficients and the Test dataset, we then compared the predictive performance of a polygenic 440 

risk score including dominance effects with the original polygenic risk score. We bootstrapped 441 

the test set 1,000 times to obtain a confidence interval for the predictions. 442 

 443 

We refrained from incorporating SNP-exposure interaction effects into polygenic risk scores due 444 

to potential confounding and the possibility of reverse causation. 445 

 446 

  447 
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Table Legends 480 

Table S1: Cohort characteristics of unrelated UK Biobank White British participants. 481 

Table S2: Summary of environmental and lifestyle exposures in the UK Biobank discovery set (N 482 

= 254,376). 483 

Table S3: Proportion of phenotypic variance explained by polygenic risk scores in the UK Biobank. 484 

Proportion of variance explained (adjusted R2) was assessed by linear regression. 485 

Table S4: Summary of all near-independent QTL SNPs used for constructing polygenic risk scores. 486 

Results of COJO analyses are included. 487 

Table S5: Summary of all near-independent pvQTL SNPs. Results of COJO analyses are included. 488 

Table S6: Annotation of pvQTLs. 489 

Table S7: Summary statistics of genetic correlation estimates based on QTLs and pvQTLs 490 

respectively. 491 

Table S8: Summary of dominance effects and SNP-exposure interaction effects tested for near-492 

independent QTL SNPs, and QTL-pvQTL colocalization. 493 

Table S9: Summary of dominance effects and SNP-exposure interaction effects tested for near-494 

independent pvQTL SNPs. 495 

Table S10: Additional dominance effects with an FDR < 0.05 combined with polygenic risk scores. 496 

Coefficients obtained from multivariate linear regression are provided. Polygenic risk scores were 497 

standardized to have zero mean and unit variance. 498 

Table S11: Additional dominance effects with Bonferroni-corrected p-value < 0.05 combined with 499 

polygenic risk scores. Coefficients obtained from multivariate linear regression are provided. 500 

Polygenic risk scores were standardized to have zero mean and unit variance. 501 

 502 

Figure Legends 503 

Figure 1. Study overview. The White British participants in the UK Biobank were randomly split 504 

into three disjoint subsets. Third-degree or more closely related individuals were removed from 505 

the LD reference set and the test set. Genome-wide association studies were performed on the 506 

discovery set including related individuals, using linear mixed model regression. Identification of 507 

pvQTL was conducted on the discovery set excluding related individuals. 508 

Figure 2. Identification of pvQTLs for 15 quantitative traits. (A) Manhattan plots demonstrate 509 

genetic associations with polygenic prediction variability. Blue dashed lines indicated a corrected 510 

genome-wide significance threshold of p-value < 4.6x10-9. (B) Comparison of estimated trait 511 

heritability based on GWASs and estimated heritability of polygenic prediction variability based 512 

on pvQTL studies. Heritability estimates and 95% confidence intervals are indicated for each trait. 513 

Figure 3. pvQTLs predict polygenic prediction errors on an out-of-sample test set. pvQTL scores 514 

were derived for BMI, triglycerides, LDL, glucose, HbA1c, platelet, and vitamin D which had at 515 

least nine pvQTLs. Median squared prediction errors (dots) and inter-quartile ranges (error bars) 516 

are compared across pvQTL score deciles. FEV1/FVC ratio had two pvQTLs, resulting in nine 517 

pvQTL score values. Median squared prediction errors and inter-quartile ranges are summarized 518 

according to the ranks. Calcium, heel BMD, and SBP had one pvQTL each, thus median squared 519 

prediction errors and inter-quartile ranges are summarized with respect to genotypes of the 520 

corresponding pvQTL SNP. Spearman correlation estimates are indicated for each trait. 521 

Figure 4. Enrichment of complex genetic effects amongst pvQTLs. (A) Number of pvQTLs or QTLs 522 

identified for each trait. (B) Comparison of p-value distribution for dominance effect tests 523 
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between pvQTLs and QTLs. For each genetic variant, the smaller p-value obtained from two 524 

dominance effect tests conducted using two different alleles was used to represent evidence of 525 

dominance effect for the corresponding pvQTL or QTL. (C) Comparison of p-value distribution for 526 

SNP-exposure interaction effect tests between pvQTLs and QTLs. All QTLs were categorized with 527 

respect to evidence of colocalization with pvQTL signals. QTLs with a higher CLPP were more likely 528 

to have effects on polygenic prediction variability. 529 

Figure 5. Improving polygenic prediction by modelling dominance effects. An FDR threshold and 530 

a Bonferroni threshold were implemented separately to pre-select dominance effects to be 531 

incorporated into the polygenic risk scores. Likelihood ratio tests were performed on the 532 

discovery set to assess the significance of the jointly added dominance effects (ANOVA p-value). 533 

Adjusted R2 metrics including covariate effects, based on the baseline models without dominance 534 

effects and the complex models with dominance effects respectively, were derived on the test 535 

set. Distributions of the relative predictive performance of the two models were obtained based 536 

on the 1,000 bootstrap samples. Paired t-tests were performed to evaluate whether adding 537 

dominance effects significantly improved the predictive performance.  538 

Figure S1. Genetic correlation between 15 quantitative traits. The upper diagonal matrix 539 

represents genetic correlation estimated based on pvQTL studies; The lower diagonal matrix 540 

represents genetic correlation estimated based on GWASs. Significantly correlated pairs with an 541 

FDR < 0.05 are colored by estimated genetic correlation. Full summary statistics are available in 542 

Supplementary Table S7. 543 

Figure S2. Illustration of SNP-exposure interaction effects. Each pvQTL was tested for interaction 544 

effects with nine environmental or lifestyle exposures (y-axis) on the corresponding traits (x-axis). 545 

Only pvQTLs having significant interaction effects with at least one exposure are included. 546 

Significant interaction effects with a p-value < 3.0x10-5 are colored by z-scores in linear regression. 547 

Full summary statistics of interaction effect tests are provided in Supplementary Table S9. FFR: 548 

FEV1/FVC ratio; TG: triglycerides. 549 

 550 

 551 

 552 

 553 

 554 

 555 
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Figures

Figure 1

Study overview. The White British participants in the UK Biobank were randomly split into three

disjoint subsets. Third-degree or more closely related individuals were removed from the LD reference set

and the test set. Genome-wide association studies were performed on the discovery set including related

individuals, using linear mixed model regression. Identi�cation of pvQTL was conducted on the discovery

set excluding related individuals.



Figure 2

Identi�cation of pvQTLs for 15

quantitative traits. (A) Manhattan plots

demonstrate genetic associations with polygenic

prediction variability. Blue dashed lines indicated a

corrected genome-wide signi�cance threshold of



p-value < 4.6x10-9. Comparison of (B) estimated

trait heritability based on GWASs and (C) estimated

heritability of polygenic prediction variability based

on pvQTL studies. Heritability estimates and 95%

con�dence intervals are obtained from LD score

regression and are indicated for each trait.

Figure 3

pvQTLs predict polygenic prediction errors on an out-of-sample test set.



pvQTL scores were derived for BMI, triglycerides, LDL, glucose, HbA1c, platelet, and

vitamin D which had at least nine pvQTLs. Median squared prediction errors (dots)

and inter-quartile ranges (error bars) are compared across pvQTL score deciles.

FEV1/FVC ratio had two pvQTLs, resulting in nine pvQTL score values. Median

squared prediction errors and inter-quartile ranges are summarized according to the

ranks. Calcium, heel BMD, and SBP had one pvQTL each, thus median squared

prediction errors and inter-quartile ranges are summarized with respect to

genotypes of the corresponding pvQTL SNP. Spearman correlation estimates are

indicated for each trait.

Figure 4

Enrichment of complex genetic effects amongst pvQTLs. (A) Number of pvQTLs or

QTLs identi�ed for each trait. (B) Comparison of p-value distribution for dominance effect

tests between pvQTLs and QTLs. For each genetic variant, the smaller p-value obtained from

two dominance effect tests conducted using two different alleles was used to represent

evidence of dominance effect for the corresponding pvQTL or QTL. (C) Comparison of p-value

distribution for SNP-exposure interaction effect tests between pvQTLs and QTLs. All QTLs were



categorized with respect to evidence of colocalization with pvQTL signals. QTLs with a higher

CLPP were more likely to have effects on polygenic prediction variability.

Figure 5

Improving polygenic prediction by modelling dominance effects. An FDR threshold and a

Bonferroni threshold were implemented separately to pre-select dominance effects to be incorporated into

the polygenic risk scores. Likelihood ratio tests were performed on the discovery set to assess the

signi�cance of the jointly added dominance effects (ANOVA p-value). Adjusted R2 metrics including

covariate effects, based on the baseline models without dominance effects and the complex models with

dominance effects respectively, were derived on the test set. Distributions of the relative predictive

performance of the two models were obtained based on the 1,000 bootstrap samples. Paired t-tests were

performed to evaluate whether adding dominance effects signi�cantly improved the predictive



performance.
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