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Supplementary Methods: FinnGen genetic QC details 35 

Samples were genotyped with Illumina (Illumina Inc., San Diego, CA, USA) and Affymetrix 36 

arrays (Thermo Fisher Scientific, Santa Clara, CA, USA). Genotype calls were made with 37 

GenCall and zCall algorithms for Illumina and AxiomGT1 algorithm for Affymetrix data. Chip 38 

genotyping data produced with previous chip platforms and reference genome builds were 39 

lifted over to build version 38 (GRCh38/hg38) following the protocol described here: 40 

dx.doi.org/10.17504/protocols.io.nqtddwn.  41 

 42 

Sample and initial variant QC 43 

Individuals with ambiguous sex, high genotype missingness (>5%), excess heterozygosity (±4 44 

SD) and non-Finnish ancestry were removed. In variant-wise quality control variants with high 45 

missingness (>2%), low Hardy-Weinberg equilibrium (HWE) p-value (<1x10-6) and minor 46 

allele count, MAC<3 were removed. Chip genotyped samples were pre-phased with Eagle 47 

2.3.5 (https://data.broadinstitute.org/alkesgroup/Eagle/) with the default parameters, except the 48 

number of conditioning haplotypes was set to 20,000.  49 

 50 

High-coverage (25-30x) WGS data (N= 3,775) used to develop the SISu v3 reference panel 51 

were generated at the Broad Institute of MIT and Harvard and at the McDonnell Genome 52 

Institute at Washington University; and jointly processed at the Broad Institute. Variant callset 53 

was produced with GATK HaplotypeCaller algorithm by following GATK best-practices for 54 

variant calling. 55 

 56 

Additional genotyping QC 57 

Batchwise filters:  58 

1) Not passing Axiom best practices and not recommended by Thermo Fisher Finngen team  59 

2) Proportion of samples missing variant (F_MISS) > 0.02.  60 

3) Hardy-Weinberg equilibrium test p-value £ 0.000001.  61 

4) Genotype duplicates marker discrepancy > 2.  62 

5) Mendelian discrepancy in known trios > 2.  63 

6) Allele frequency differences to whole genome reference (SISu v3 imputation panel) and 64 

exome datasets (gnomAD exome version 2.1 (Finnish participants) and Finnish exons me 65 

collection) log2 fold change ±5 or allele frequency difference 0.1.  66 
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7) Variants showing significant differences to population reference panel in GWAS analysis 67 

(Sisu v3 imputation panel) p-value < dynamic p-value limit (5x10-8/lambda3) (PLINK2, glm 68 

firth-fallback).  69 

8) Common variants (AF > 0.05) that are not in reference panel WGS or exon data. 70 

 71 

Batches were merged and variants were further filtered:  72 

1) Variant call rate ³ 80% 73 

2) Hardy-Weinberg Equilibrium test p-value £ 0.000001 74 

3) Variant call rate 97.8 % for variants that cannot be validated with allele frequency 75 

comparison to reference panel 76 

4) Allele frequency differences to whole genome reference (SISu v3 imputation panel) and 77 

exome datasets (gnomAD exome 2.1 panel (Finnish participants) and Finnish exome collection) 78 

log2 fold change ±5 or allele frequency difference 0.1. 79 

 80 

Imputation QC 81 

Genotype-, sample- and variant-wise QC was applied in an iterative manner by using the Hail 82 

framework (https://github.com/hail-is/hail) v0.1 and the resulting high-quality WGS data for 83 

3,775 individuals were phased with Eagle 2.3.5 as described above. Genotype imputation was 84 

carried out by using the population specific SISu v3 imputation reference panel with Beagle 85 

4.1 (version 08Jun17.d8b, https://faculty.washington.edu/browning/beagle/b4_1.html) as 86 

described in the following protocol: dx.doi.org/10.17504/protocols.io.nmndc5e. Post-87 

imputation quality-control involved non-reference concordance analyses, checking expected 88 

conformity of the imputation INFO-values distribution, MAF differences between the target 89 

dataset and the imputation reference panel and checking chromosomal continuity of the 90 

imputed genotype calls. The distributions of imputation INFO scores for all FinnGen variants 91 

and sentinel associated variants (Supplementary Table 3), stratified by MAF of 1% are shown 92 

in Supplementary Figure 1 (Imputation info score distribution of FinnGen data). 93 

  94 
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Supplementary Figure 1. Imputation info score distribution of FinnGen 95 

data 96 

A) All FinnGen variants B) All FinnGen variants MAF < 1% C) All imputed variants shown 97 
in Supplementary Table 3 D) MAF <1% variants shown in Supplementary Table 3. 98 
 99 
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Supplementary information on choice of significance threshold 102 

To define significance, we used a combination of (1) multiple testing corrected threshold of 103 

p<2x10-9, 0.05/(~26.8x106) [sum (mean number of variants tested per disease cluster)], to 104 

account for the fact that some traits are highly correlated disease subtypes, (2) concordant 105 

direction of effect between UKB and FG associations, and (3) p<0.05 in both UKB and FG 106 

consistent with approaches in previous large-scale GWAS51. Here we assume all coding 107 

variants tested are independent, which is a stringent assumption as we ignore the LD, and we 108 

tested only the small subset of coding variants rather than the complete genome-wide. Our 109 

meta-analysis threshold should control for multiple testing whilst our added controls of 110 

concordant beta and p<0.05 should increase the robustness of the association across population 111 

cohorts without ignoring many potential true positives.  112 

 113 

Our approach is also supported by empirical analyses in which we permuted the disease labels 114 

simultaneously across all diseases for each individual in the UKB samples to estimate 115 

(approximately) the number of expected associations under the null. The permutated sample 116 

data preserves the genetic LD and correlations between phenotypes. Then we ran the same type 117 

of genetic association analyses and subsequent meta-analyses, then used the same thresholds 118 

of concordant betas, p<0.05 in both cohorts, and meta-analysed p<5x10-8, followed by 119 

clumping of the associations, in the same manner as our main analysis (Methods). Under the 120 

null permuted scenario (permuted 10 times as sensitivity analyses without being too 121 

computationally cumbersome), we expected to see on average 39 associations (range: 32-47) 122 

compared to 975 associations that we actually observed, giving an approximate empirical false 123 

discovery rate (~39 expected false positives/all 975 positives observed) of ~0.04 (<0.05) on 124 

average (and 0.048 (47/975) in worst case scenario of 10 simulations). Thus, our choice of 125 

thresholds, even with a meta-analysis cut-off of 5x10-8, are also supported by empirical 126 

estimates in controlling for false positives. 127 

  128 
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Supplementary Methods: Theoretical description and simulation of the 129 

impact of MAF enrichment on inverse-variance weighted (IVW) meta-130 

analysis Z-scores 131 

Here we provide the details of theoretical frameworks and empirical simulations relating MAF 132 

enrichment and IVW meta-analysis Z-scores and the interpretation of the results. 133 

 134 

Let the parameter 𝑏! denote the effect of genotype 𝑔! on disease endpoint 𝑌! in the 𝑖th study, 135 

for a total of 𝑖 = 1, 2, … ,𝑚 ∶ 𝑚 ≥ 2 studies. The meta-analysis inverse variance weighted Z-136 

score, which aggregates information across all 𝑚 studies, is given by 137 

𝑍!"# =
∑ 𝑍!

𝜎0$!
1%

!&'

2∑ 1
𝜎0$!
(1%

!&'

	, 138 

where 𝑍! is the Z-score from the 𝑖th study, i.e., 139 

𝑍! =
𝑏4!
𝜎0$!
, 140 

with 𝑏4!  denoting the sample-based estimate of 𝑏!  and 𝜎0$!  being its corresponding standard 141 

error. We re-write the above to illustrate the impact of integrating additional independent study 142 

information relative to a reference study, which we arbitrarily take to be study 𝑖 = 1. That is, 143 

we write 𝑍!"# as: 144 

 145 

𝑍!"# = 𝑍'

⎝

⎜
⎜
⎛ 1 + ∑ 𝜎'𝑍!

𝜎!𝑍'
%
!&(

91 + ∑ 𝜎'(
𝜎!(
1%

!&(
⎠

⎟
⎟
⎞

 146 

= 𝑍' ∗ 𝛼 147 

⟹ 						𝛼 =
𝑍!"#
𝑍'

. 148 

( 1 ) 149 

Hence, 𝛼 denotes the increase/decrease in Z-score computed on aggregating results across 𝑚 150 

studies relative to the reference study. When 𝛼 > 1 the aggregated 𝑍!"# score is larger than the 151 

reference Z-score (𝑍') - a scenario we refer to as ‘IVW uplift’. Our goal is to assess changes 152 

in 𝛼 as a function of MAF and MAF-enrichment between 𝑚 = 2 studies. To fix ideas, we are 153 
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interested in assessing uplift when (i) the reference study is the largest study and (ii) MAF is 154 

enriched in the smaller study, i.e., study 2. Hence, 𝑁' ≥ 𝑁( and 𝑀𝐴𝐹( ≥ 𝑀𝐴𝐹'. The scenario 155 

in which the reference study has larger sample size and also enriched 𝑀𝐴𝐹, i.e., 𝑁' ≥ 𝑁( and 156 

𝑀𝐴𝐹' ≥ 𝑀𝐴𝐹(, is considered later. 157 

 158 

Theoretical description of uplift 𝜶 159 

In this section we present a formula which relates uplift 𝛼 to the core parameters underpinning 160 

computation of the test statistic 𝑍!"#, i.e., 𝑀𝐴𝐹!, disease prevalence (𝜋!) and sample size (𝑁!), 161 

for each of the 𝑖 ∈ {1, 2}  studies. In doing so, we will (a) illustrate complexity in the 162 

relationship between 𝛼 and the core parameters and (b) highlight the expected utility of a MAF-163 

enriched study design, in particular how the probability of detecting novel (rare variant) 164 

associations increases as a function of enrichment. 165 

 166 

Let the probability of disease status follow a logistic model, i.e., 167 

𝜋)!|+ = 𝑃(𝑌! = 1	|	𝑔) = 	
𝑒(-!.$!+)

1 + 𝑒(-!.$!+)
, 168 

( 2 ) 169 

where 𝑔  denotes a genotype putatively associated with disease risk, 𝑎!  is the population 170 

baseline effect and 𝑏! is the effect of genotype on disease risk. Given observed data {𝒚! , 𝒈!}, 171 

estimates of the effect parameters, denoted {𝑎0! , 𝑏4!}, are typically derived by maximizing the 172 

log-likelihood function 173 

𝐿(𝑎! , 𝑏!) = log 𝑃(𝒚! 	|𝑎! , 𝑏! , 𝒈) . 175 

 174 

That is, values for {𝑎! , 𝑏!} which satisfy: 176 

𝜕𝐿(𝑎! , 𝑏!)
𝜕𝑏!

= 𝒈0X𝒚 − 𝜋𝒚!|𝒈Z = 0. 177 

( 3 ) 178 

Assuming that the effect of genotype on disease risk is small, in the sense that |𝑏!𝑔| < 1, it 179 

follows that 180 

	181 

𝜋)!|+ = 𝑃(𝑌! = 1	|	𝑔) = 	
𝑒(-!.$!+)

1 + 𝑒(-!.$!+)
 182 

=
𝑒-!

1 + 𝑒-! +	]
𝑒-!

(1 + 𝑒-!)(^ 𝑏!𝑔 + 	𝒪X𝑏!
(Z 183 
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= 𝑎!∗ + 𝑏!∗𝑔 + 	𝒪X𝑏!
(Z 184 

= 𝜷!𝒈a 	+ 	𝒪X𝑏!
(Z, 185 

( 4 ) 186 

where we have made the transformation of variables: 187 

𝜷! =	(𝑎!∗, 𝑏!∗), 188 

𝒈a = (1, 𝑔)0 . 189 

Hence, when |𝑏!𝑔| < 1 the conditional probability of disease is well approximated by the 190 

linear predictor 𝜷!𝒈a. As it will be important later, the relationship between parameters in the 191 

logistic and the linear predictor is 192 

𝑏! =
𝑏!∗

𝑎!∗(1 − 𝑎!∗)
						and					𝑎! = loge

𝑎!∗

1 − 𝑎!∗
f. 193 

( 5 ) 194 

Combining equations (3) and (4), it follows that the score of the logistic model satisfies 195 

𝜕𝐿(𝜷!)
𝜕𝜷!

= 𝒈a!
0X𝒚! − 𝜋𝒚!|𝒈4𝒊Z ≈ 𝒈a!

0(𝒚𝒊 − 𝜷!𝒈a!),												h𝑏!𝑔!6h < 1,				𝑗 = 1,2, … , 𝑁! , 196 

which is approximately zero when  197 

𝒈a!
0(𝒚𝒊 − 𝜷!𝒈a!) = 0 198 

⟹		𝜷j! = X𝒈a!
0𝒈a!Z

7'
𝒈a!

0𝒚! , 199 

( 6 ) 200 

note that these are the familiar ordinary least-squares estimates of main effect parameters in a 201 

linearized model. When the vector of genotypes has been centered, i.e., 𝒈k = 0 , it is 202 

straightforward to show that:  203 

𝑎0!∗ =	
∑ 𝑦!6
8!
6&'

𝑁!
=
𝑁!∗

𝑁!
						and			𝜎0-!

∗ =
2∑ 𝜋)!#|+!# m1 − 𝜋)!#|+!#n

8!
6&'

𝑁!
,	204 

𝑏4!∗ =	
∑ 𝑦!6𝑔!6
8!
6&'

∑ 𝑔!6(
8!
6&'

				and			𝜎0$!
∗ =

2∑ 𝜋)!#|+!# m1 − 𝜋)!#|+!#n𝑔!6
(8!

6&'

∑ 𝑔!6(
8!
6&'

. 205 

( 7 ) 206 

We have used 𝑁!∗  to denote the number of cases in the 𝑖th study, thus 𝑎0!∗  is a measure of 207 

population baseline disease prevalence. The linearized genetic effect in equation (4), however, 208 

can be interpreted as 209 
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𝑏4!∗ =
∑ 𝑦!6𝑔6
8!
6&'

∑ 𝑔6(
8!
6&'

=
𝑀𝐴𝐹!∗

𝑀𝐴𝐹!(1 − 𝑀𝐴𝐹!)
𝑁!∗

(𝑁! − 1)
,									𝑁! ≫ 1, 210 

( 8 ) 211 

where 𝑀𝐴𝐹!∗ is an estimate of the 𝑀𝐴𝐹! in the cases only: 212 

𝑀𝐴𝐹!∗ =	
1
2𝑁!∗

p𝑔!6𝐼X𝑦!6 = 1Z
8!

6&'

−𝑀𝐴𝐹! . 213 

( 9 ) 214 

We will use equations (8) and (9) later, when aiming to interpret uplift via core model 215 

parameters.  216 

  217 

Recall the relationship between the parameters in the logistic and linearized models presented 218 

in equation (5). After an application of the delta method, the variance of 𝑏4! in the logistic model 219 

(1) can be written as: 220 

 221 

σs$9!
( = 	var e

𝑏4!∗

𝑎0!∗(1 − 𝑎0!∗)
f = 	 v

𝜎0$!
∗

𝑎0!∗(1 − 𝑎0!∗)
v
(

w1 + 	𝒪 e
𝑏4!∗

𝑎0!∗(1 − 𝑎0!∗)
𝜎0-!
∗

𝜎0$!
∗ fx. 222 

( 10 ) 223 

On combining equations (5) and (7), we reveal that the Z-score of the genetic effect in the 224 

logistic model (1) is well approximated by the estimated Z-score from the linearized effects 225 

(equation (7)), i.e.,   226 

𝑍! =
𝑏4!
σs$9!

≈	

𝑏4!∗
𝑎0!∗(1 − 𝑎0!∗)

v
𝜎0$!
∗

𝑎0!∗(1 − 𝑎0!∗)
v
=
𝑏4!∗

𝜎0$!
∗ sgnX𝑎0!

∗(1 − 𝑎0!∗)Z = 𝑍!∗, 227 

where we have used the fact that sgnX𝑎!∗(1 − 𝑎!∗)Z = 1  from equation (7). Thus, 228 

𝑍! ≈ 𝑍!∗ 229 
( 11 ) 230 

and it follows therefore, that the uplift 𝛼 can be written as:  231 

𝛼 = 	
1 + 𝜎0'𝑍(𝜎0(𝑍'

91 + 𝜎0'
(

𝜎0((
1

 232 
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≈
1 +

𝑎0(∗(1 − 𝑎0(∗)𝜎0$$
∗ 𝑍(∗

𝑎0'∗(1 − 𝑎0'∗)𝜎0$%
∗ 𝑍'∗

91 + e
𝑎0(∗(1 − 𝑎0(∗)𝜎0$$

∗

𝑎0'∗(1 − 𝑎0'∗)𝜎0$%
∗ f

(
	. 233 

( 12 ) 234 

Explicit description of MAF enrichment, disease prevalence, sample size and log odds-235 

ratio on IVW uplift (𝜶) 236 

In this section our goal is to gain some intuition as to how uplift can vary in terms of core 237 

parameters, e.g., 𝑀𝐴𝐹!, 𝑀𝐴𝐹!∗, 𝑁!, 𝑁!∗, for each study 𝑖 ∈ {1,2}. We have demonstrated that 238 

equation (12) provides an accurate approximation to uplift (see Extended Data Figures 5a-c, 239 

Supplementary Files 2a-c), however these core parameters are implicitly defined in the 240 

approximation. To help provide some guidance on their explicit role, we replace 𝑎0!∗, 𝜎0$!
∗  and 𝑍!∗ 241 

in equation (12) with large sample (population) estimates, i.e., on assuming 𝑁! ≫ 1 for 𝑖 ∈242 

{1,2}. In addition, we make the assumption of weak genetic effects (i.e., |𝑏!| < 1), low disease 243 

prevalence (	𝜋! ≪ 1) and rare/low MAF (in both studies), so that: 244 

 245 

𝑎0!∗(1 − 𝑎0!∗) ≈ 𝑎0!∗ ≈ 𝜋! 	 ∶ 					𝑁! ≫ 1		and			𝜋! ≪ 1, 246 

𝜋)!#|+!# m1 − 𝜋)!#|+!#n ≈ 𝜋)!#|+!# 	 ∶ 			 𝜋)!#|+!# ≪ 1, 247 

p𝑔!6(
8!

6&'

≈ 2(𝑁! − 1)𝑀𝐴𝐹!(1 − 𝑀𝐴𝐹!) 248 

≈ 2𝑀𝐴𝐹!(𝑁! − 1),							𝑁! ≫ 1. 249 
( 13 ) 250 

Recall that 𝑀𝐴𝐹!∗ denote the MAF in the cases, i.e.,  251 

𝑀𝐴𝐹!∗ = 0.5p𝐼X𝑦!6 = 1Z𝑔!6

8!

6&'

−𝑀𝐴𝐹! , 252 

then, in combination with equations (4) and (7), it follows that 253 

𝜋)!#|+!# ≈ 𝜋! e1 +
𝑀𝐴𝐹!∗

𝑀𝐴𝐹!
𝑔!6f,								𝑁! ≫ 1		and		|𝑏!| < 1, 254 

which, with equations (7), (12) and (13), returns: 255 

 256 
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𝛼 ≈
1 + 𝜅𝑁(𝑁'

𝑀𝐴𝐹(∗
𝑀𝐴𝐹'∗

21 + 𝜅𝑁(𝑁'
𝑀𝐴𝐹(
𝑀𝐴𝐹'

,									𝑁! ≫ 1		and		𝑖 ∈ {1,2}, 257 

( 14 ) 258 

where 259 

𝜅 =
𝜋(
𝜋'
}
1 +𝑀𝐴𝐹'

∗

𝑀𝐴𝐹'
1 +𝑀𝐴𝐹(

∗

𝑀𝐴𝐹(

~. 260 

( 15 ) 261 

Note that 𝑋∗ = :;<%∗

:;<$∗
 denotes the 𝑋∗-fold enrichment of MAF in the cases and 𝑋 = :;<%

:;<$
 the 𝑋-262 

fold enrichment in the base-line population. Equation (14) makes clear that the relationship 263 

between the core parameters and uplift is complex. Nevertheless, there are some similarities 264 

between how power can increase with additional samples, via the ratio 8%
8$

, and increases in 265 

power due to 𝑋∗-fold and 𝑋-fold enrichment of MAF via the ratios :;<%
∗

:;<$∗
	and	:;<%

:;<$
 in (14). We 266 

explore this relationship further in section ‘Analysis of Z-score boost due to MAF 267 

enrichment and increased sample size in simulated data’. 268 

 269 

To emphasize the role of effect sizes on uplift, recall that 𝑏! in equation (2) is the ‘log odds-270 

ratio’ (𝐿𝑂𝑅!) for the i-th study, i.e., 𝑏! = 𝐿𝑂𝑅!. By combining equation (5) with equations (7) 271 

and (8), it follows that 272 

𝐿𝑂𝑅�! = 𝑏4! =
𝑏4!∗

𝑎0!∗(1 − 𝑎0!∗)
≈

𝑀𝐴𝐹!∗
𝑀𝐴𝐹!(1 − 𝑀𝐴𝐹!)

𝑁!∗
(𝑁! − 1)

𝑁!∗
𝑁!
]1 − 𝑁!

∗

𝑁!
^

� 	, 273 

⟹ 							𝐿𝑂𝑅! ≈
𝑀𝐴𝐹!∗

𝑀𝐴𝐹!
1

(1 − 𝜋!)
,							𝑁! ≫ 1	and		𝑖 ∈ {1,2}. 274 

( 16 ) 275 

  276 

From the above, the variable 𝜅 in (14) can be written as: 277 

 278 

𝜅 ≈ 	
𝜋(
𝜋'
e
1 + 𝐿𝑂𝑅'(1 − 𝜋')
1 + 𝐿𝑂𝑅((1 − 𝜋()

f 279 

																																		≈
𝜋(
𝜋'
]
1 + 𝐿𝑂𝑅'
1 + 𝐿𝑂𝑅(

^,						𝜋! ≪ 1	and		𝑖 ∈ {1,2}, 280 
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which returns: 281 

𝛼 ≈
1 + 𝜋(𝜋'

m1 + 𝐿𝑂𝑅'1 + 𝐿𝑂𝑅(
n𝑁(𝑁'

𝑀𝐴𝐹(∗
𝑀𝐴𝐹'∗

21 + 𝜋(𝜋'
m1 + 𝐿𝑂𝑅'1 + 𝐿𝑂𝑅(

n𝑁(𝑁'
𝑀𝐴𝐹(
𝑀𝐴𝐹'

,									𝑁! ≫ 1,			𝜋! ≪ 1		and		𝑖 ∈ {1,2}.			 282 

( 17 ) 283 

Equation (17) highlights the influence of disease prevalence (𝜋!), study sample size (𝑁!), MAF 284 

enrichment m:;<%
∗

:;<$∗
	and	:;<%

:;<$
n and the log odds-ratio (𝐿𝑂𝑅!), i.e., regression effect size 𝑏!, on 285 

IVW uplift 𝛼 from studies 𝑖 ∈ {1,2}. Owing to some dependencies between variables, e.g., 286 

equation (16) relates the log odds ratio to MAF and disease prevalence, it is difficult to make 287 

general statements about expected uplift based on increasing MAF enrichment, while 288 

attempting to fix the value of other variables. Broadly speaking, however, our theoretical, 289 

simulated and observed results indicate that IVW uplift 𝛼 increases with increasing MAF-290 

enrichment (Extended Data Figures 5a-d, Supplementary Files 2a-c and Supplementary 291 

Figure 2 (MAF enrichment on Z-scores)). 292 

 293 

MAF enrichment in the larger study: 𝑁' ≥ 𝑁( and 𝑀𝐴𝐹' ≥ 𝑀𝐴𝐹(. 294 

From equation (14), if 𝑀𝐴𝐹' ≥ 𝑀𝐴𝐹(  and 𝑀𝐴𝐹'∗ ≥ 𝑀𝐴𝐹(∗  then both 𝑋 ≤ 1 and 𝑋� ≤ 1 and 295 

thus uplift decreases as a function of increased MAF enrichment in study 1. 296 

 297 

Analysis of Z-score boost due to MAF enrichment and increased sample size in observed 298 

data 299 

In an ideal scenario, one would also be able to compare the Z-score boost for enriched variants 300 

using an additional UKB like cohort matched for the sample size of FG which is not currently 301 

readily available for all diseases. However, we are able to subset the larger UKB cohort into a 302 

FG sample size (i.e., N=260405) matched cohort and use the remaining (N=132409) samples 303 

as a “base” analysis cohort and compare the Z-scores of base UKB meta-analysed with FG 304 

(UKBxFG) against base UKB meta-analysed with FG sample size matched UKB (UKBxUKB).  305 

 306 

Focusing on associations with MAF<0.1 from Supplementary Table 3, we randomly 307 

subsetted UKB into a base UKB and a FG sample size matched UKB cohort (n=4 random 308 

subsets). We performed association testing and meta-analysis using the same approach and 309 

calculated the ratio of Z-scores (ZUKBxFG/ZUKBxUKB), log10 transformed so that >0 means Z-310 
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score higher in UKBxFG than UKBxUKB, and <0 means Z-score higher in UKBxUKB than 311 

UKBxFG (Extended Data Figure 5d).  312 

 313 

Analysis of Z-score boost due to MAF enrichment and increased sample size in simulated 314 

data 315 

We further investigate the relative gain in IVW Z-scores across a broader range of enrichment 316 

values. For this, we modified our simulation strategy detailed in section Simulations of MAF 317 

enrichment effect on inverse-variance weighted meta-analysis Z-scores to match the cohort 318 

analyses above. Specifically, we followed the identical simulation protocol, yet now simulated 319 

results from a UKBxFG and separately UKBxUKB meta-analysis, followed by computing the 320 

ratio of IVW Z-scores. Results are presented in Supplementary Figure 2 (MAF enrichment 321 

on Z-scores). Again, our theoretical predictions of the relative IVW uplift closely match the 322 

simulated results (Supplementary Figure 2b). For instance, when considering a 5-fold MAF 323 

enrichment in the FG study, our theoretically predicted estimates (equation (12)) from the 324 

simulation study closely approximate the observed estimates (Supplementary Figure 2d and 325 

Extended Data Figure 5d). Our simulations further support our findings that studies involving 326 

cohorts with MAF enriched designs are likely to provide (potentially significant) additional  327 

power gains relative to gains achieved by increasing sample size alone. 328 

 329 

Supplementary Results: Simulations of MAF enrichment effect on inverse-330 

variance weighted meta-analysis Z-scores 331 

To go some way toward assessing the impact of MAF-enrichment for rare variants (MAF<1%) 332 

on IVW uplift in a realistic setting, we performed a simulation study informed by UKB and 333 

FG study information. We simulated two binary variables, representing two disease endpoints, 334 

with study sample sizes set to 𝑁' = 392814  and 𝑁( = 260405 , respectively. To specify 335 

disease prevalence parameters, we computed the median ratio of disease prevalence across all 336 

𝑙 = 1,2, … ,744  disease endpoints in UKB and FG datasets, i.e., medianX𝜋(= 𝜋'=� 	Z 337 

(Supplementary Table 3). As medianX𝜋(= 𝜋'=� 	Z = 	1.5, we set 𝜋( = 1.5𝜋' and fixed 𝜋' =338 

0.005, which is approximately 2 times the median disease prevalence across the 744 disease 339 

endpoints within UKB. To assess impact of MAF enrichment across a range of rare/low MAFs, 340 

we varied MAF in the reference study, 𝑀𝐴𝐹' ∈ {107>, 5 × 107>, 107?, 2.5 × 107?, 5 ×341 

107?, 0.01}	 and X-fold MAF-enrichment in study 2, 𝑋 ∈ {1, 5, 10, 20, 30, 50} . Note that 342 
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𝑀𝐴𝐹' = 0.01 and 𝑋 = 50 results in 𝑀𝐴𝐹( = 0.5, at which point the effect allele switches in 343 

study 2. This motivated our choice of maximum 𝑀𝐴𝐹 and 𝑋-fold enrichment values. 344 

 345 

Data for disease status were generated under a logistic model, i.e., equation (2):  346 

𝑙𝑜𝑔𝑖𝑡 m𝜋)!|+!#n = 	𝑎! + 𝑏! ∗ 𝑔!6 , 347 

𝑎! ≈ 𝑙𝑜𝑔𝑖𝑡(𝜋!), 348 

where 349 

𝜋)!|+!# = 	𝑃X𝑌! = 1	|	𝑔!6Z,												𝑖 ∈ {1,2}, 𝑗 = 1,2, … , 𝑁! , 350 

denotes the probability of disease conditional on genotype 𝑔!6 for the 𝑗th participant in the 𝑖th 351 

study. Finally, a value for 𝑏! - the effect of genotype on disease – was randomly sampled from 352 

the set of positive regression coefficients (to reflect the fact that vast majority of low frequency 353 

variants have disease risk-increasing effects), computed in UKB (for 𝑏' values) and FG (for 𝑏( 354 

values) (Supplementary Table 3). 355 

 356 

We validate the accuracy of the theoretical approximation to the IVW uplift, i.e., equation (12), 357 

by monitoring the median absolute relative error (MARE) across 𝑖 = 1,2, … ,1000 simulated 358 

datasets and over variety of MAF and enrichment values. Specifically, we computed  359 

𝑀𝐴𝑅𝐸6@ = medianhΩ6@h,							Ω6@ = �𝜔'6@ , 𝜔(6@ , … , 𝜔'AAA6@�, 360 

where  361 

𝜔!6@ =	�
𝛼B$C!#' − 𝛼DEF!#'		

𝛼B$C!6@
� 362 

with 𝑗  indexing the set of values 𝑀𝐴𝐹' ∈ {107>, 5 × 107>, 107?, 5 × 107?, 0.01}  and 𝑘 363 

indexing the set of 𝑋-fold enrichment values 𝑋 ∈ {1, 5, 10, 20, 30, 50}, i.e., 𝑋 = :;<%
:;<$

. Our 364 

findings reveal very good correspondence between the theoretical prediction (equation (12)) 365 

and simulated uplift 𝛼-values (Extended Data Figure 5c; Supplementary File 2c). Excluding 366 

the scenarios in which 𝑀𝐴𝐹' = 107> , the MARE (as a percentage) was ≲ 5	% across the 367 

range of MAF and enrichment values considered: highlighting the accuracy of the 368 

approximation in equation (12) over a wide range or rare MAFs and MAF-enrichment values. 369 

The observed increase in MARE when 𝑗 = 107>  is a consequence of the approximation 370 

equation (10) becoming less accurate – this happens when 𝑁'∗𝑀𝐴𝐹' ≲ 1 and hence the number 371 

of cases with an effect allele in the reference sample is typically very small. Extended Data 372 

Figures 5a-c and (Supplementary Files 2a-c) makes clear that, on approaching and passing 373 
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this boundary (which in our simulation set-up occurs when 𝑀𝐴𝐹' ≈ 5 × 107>) the MARE 374 

quickly increases. Despite this, in our simulation the MARE≲ 20% at 𝑀𝐴𝐹' = 107>. 375 

  376 
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Supplementary Results: Summary of theoretical, simulation and observed 377 

results 378 

We observed the uplift to increase with increasing MAF and allelic enrichment as expected. 379 

The gain in IVW uplift is not linear across MAFs, with most of the gain in uplift occurring at 380 

MAF<0.5% before plateauing (Extended Data Figure 5a; Supplementary File 2a). There is 381 

a rapid increase in uplift as baseline MAF increases from 10-4 to 10-3 suggesting the added 382 

potential for novel findings benefitting very rare allele frequency ranges. The increase in utility 383 

at rare MAF ranges has practical impact on novel association findings as common and low 384 

frequency variant association can be well-powered to be detected already at biobank sizes for 385 

prevalent diseases. IVW uplift also increases with allelic enrichment, once again sharp 386 

increases in uplift are expected and observed at lower enrichment values, eventually flattening 387 

out towards MAF 1% and fold enrichment 50x (Extended Data Figure 5a-c, Supplementary 388 

Files 2a-c). Note that, MAF ~1% and fold enrichment ~50x would fall within the region of 389 

inflection (top right quadrants of Extended Data Figure 5a and 5b) where the MAF in the 390 

enriched cohort approaches 50%. In practice, the vast majority of rare variants do not fall near 391 

the region of inflection as it would suggest, for example, a MAF of 1% in one study and near 392 

50% in the other. Our results make clear that the surface of IVW uplift values using observed 393 

data is in general similar to theoretical results.  394 

 395 

For the observed sentinel associations (MAF<0.1, Supplementary Table 3), we compared the 396 

Z-score ratio of a randomly subsetted “base” UKB cohort (of N=132409 samples) meta-397 

analysed with FG (UKBxFG) against the base UKB meta-analysed with the remaining 398 

N=260405 UKB samples (UKBxUKB), to estimate the observed gains in power accounting 399 

for sample size (Extended Data Figure 5d). We repeated the process of randomly subsetting 400 

the UKB samples a total of n=4 times and aggregated the results - to assess sensitivity to our 401 

choice of “base” UKB samples (and equivalently the remaining UKB samples). Note that, a 402 

value of n=4 was chosen as the association analyses for each subset is computational 403 

cumbersome. Consistent with our theoretical and simulation expectations, we found a clear 404 

trend between allelic enrichment and Z-score gains (Extended Data Figure 5d), where higher 405 

variant fold enrichment in FG and UKB, on average, led to more significant associations in 406 

UKBxFG and UKBxUKB respectively. 407 

 408 
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Taken together, the simulation results both theoretically and empirically along with observed 409 

data show the added utility in boosting association findings through cohort specific allelic 410 

enrichment additional to increased power from larger sample size. 411 

 412 

  413 
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Supplementary Figure 2. MAF enrichment on Z-scores 414 

Surface plot illustrating the relative gain in inverse variant weighted meta-analysis z-415 
score (IVW uplift) between MAF enriched meta-analysis and standard (i.e., additional 416 
samples) meta-analysis. For each combination of MAF and allelic enrichment, we simulated 417 
1,000 datasets for three binary variables, representing disease status in: (1) a baseline cohort of 418 
N=132,409 individuals (simulated using UKB study characteristics and denoted “UKB_1”); 419 
(2) a second cohort of N=260,405 individuals (simulated using UKB study characteristics and 420 
denoted “UKB_2”); and (3) a third cohort of N=260,405 individuals (simulated using FG study 421 
characteristics, denoted “FG”). Disease prevalences were fixed (matching values estimated 422 
from UKB and FG data), genomic effects were randomly sampled from the set of positive 423 
effect sizes in UKB and FG (Supplementary Table 3), MAF was varied from 0.01% to 1% 424 
and allele enrichment (in study-3 only) ranged from 1 to 50. Relative gain is defined as the 425 
ratio of MAF enriched to no MAF enrichment IVW Z-scores, i.e, H()*$×,-

H()*$×()*%
. (a) theoretically 426 

predicted relative IVW uplift. (b) observed relative IVW uplift. (c) Median absolute 427 
relative error (MARE, %) between simulated and theoretical relative IVW uplift values. 428 
(d) first, second (median) and third quartiles of the distribution of relative IVW uplift 429 
when study 3 has 5-fold MAF enrichment - for reference, the distribution of the IVW 430 
uplift for studies 1 and 2, i.e., “UKB_1” and “UKB_2”, is presented.  431 

 432 

  433 

a b

c d
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Supplementary Results: New roles for coagulation proteins in PE 434 

We discovered a rare missense mutation in F10, enriched by ~5-fold in FG (rs61753266:A; 435 

Glu142Lys; MAF=0.33% [UKB], 1.85% [FG]), to be protective against PE (log[OR]=-0.44, 436 

p=2.9x10-9). This variant has been associated with reduced plasma coagulation factor X 437 

(beta=-1.12, p=2.0x10-8) and factor Xa (beta=-1.54, p=7.9x10-15) levels previously51, as well 438 

as clinical factor X deficiency52. Deficiencies in coagulation factors, including factor X, are 439 

associated with increased bleeding liability and reduced thrombotic risk. In a similar fashion, 440 

we found a previously reported venous thromboembolism risk-reducing variant (rs4525:C; 441 

His865Arg; MAF=27.2% [UKB], 22.3% [FG]) in F5 that is also protective for PE (log[OR]=-442 

0.14, p=1.2x10-15) and associated with reduced plasma F5 levels53 (beta=-0.25, p=6.0x10-7). 443 

This variant acts opposite to the well-established risk promoting F5 Leiden missense mutation, 444 

which leads to increased resistance to activated protein C cleavage54 and thromboembolism 445 

liability, thus unravelling that coding variants in F5 can have opposite effects on PE risk at the 446 

population level (Extended Data Figure 7b). 447 

 448 

We also found a rare variant in fibrinogen (FGB rs2227434:T; Pro100Ser; MAF=0.13% [UKB], 449 

0.15% [FG], Extended Data Figure 7a, Supplementary Table 3) that associated with 450 

increased PE risk at nominal GWAS significance (log[OR]=1.03, p=1.5x10-8). Missense 451 

mutations in FGB have previously been linked to both elevated and reduced fibrinogen levels 452 

through GWAS55,56, as well as congenital afibrinogenemia57. 453 

 454 

We performed Mendelian randomisation (MR) using rs4525 and rs61753266 as instruments to 455 

estimate the relative reduction in PE risk due to reduced F5 (betaMR=0.57, p=1.0x10-15) and 456 

F10 levels (F10: betaMR=0.40, p=2.9x10-9; F10a: betaMR=0.28, p=2.9x10-9) respectively 457 

(Extended Data Figure 7b). MR results support the expected clinical indication of factor X 458 

inhibitors in thromboembolic diseases and the hypothesis that developing drugs inhibiting 459 

factor V will also likely be beneficial for PE. 460 

 461 

  462 
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Supplementary Results: ADH1B missense variant and alcohol related effects 463 

The low-frequency missense variant in ADH1B (rs1229984:T; Arg48His; MAF=2.2% [UKB], 464 

0.5% [FG]) that is associated with increased enzymatic activity of alcohol dehydrogenase and 465 

reduced alcohol tolerance, is also associated with reduced risk of alcohol-related disorders 466 

(alcoholic liver disease: log[OR]=-1.08, p=1.5x10-9; mental and behavioural disorders due to 467 

alcohol: log[OR]=-0.82, p=1.2x10-33) and increased risk of gout (log[OR]=0.39, p=3.3x10-10). 468 

Notably, the alcohol dependence disorder-promoting ADH1B allele (C) is also associated with 469 

reduced IGF-1 (beta=-0.11, p=1.5x10-51) and vitamin D levels (beta=-0.049, p=2.6x10-10), 470 

increased levels of liver enzymes (alkaline phosphatase: beta=0.087, p=3.1x10-37; gamma-471 

glutamyl transferase: beta=0.041, p=1.62x10-9) and total bilirubin (beta=0.031, p=5.1x10-7), 472 

macrocytosis with increased mean corpuscular volume (beta=0.047, p=4.2x10-12) and mean 473 

corpuscular haemoglobin (beta=0.048, p=1.4x10-12), as well as reduced erythrocyte count 474 

(beta=-0.034, p=3.2x10-8). The gout risk reducing C allele is associated with reduced urate 475 

levels (beta=-0.061, p=1.4x10-21). 476 

  477 
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Supplementary Results: Examples of coding associations in aiding drug 478 

development 479 

In addition to providing further support for well-established drug target associations such as 480 

between PCSK9 loss-of-function and hypercholesterolaemia, or F10 loss-of-function and 481 

venous thromboembolism, we also found an association between a common missense variant 482 

(rs231775:G) in CTLA4 with increased risk of thyrotoxicosis (log[OR]=0.12, p=8.5x10-13). 483 

Since this variant is also a blood eQTL for decreased CTLA4 expression58 (Z-score=-6.91, 484 

p=5.0x10-12), the association between genetic CTLA4 reduction and thyroid dysfunction might 485 

contribute to the adverse event of hyperthyroidism in cancer patients treated with CTLA4 486 

inhibitors59.  487 

 488 

Genetics can inform drug discovery also on alternative indications for repurposing. For 489 

example, TYK2 inhibitors are being tested in clinical trials for various autoimmune and 490 

psoriatic diseases60. Consistent with previous GWAS61, we found a missense variant in TYK2 491 

(rs34536443:C) to be associated with reduced risk of rheumatoid arthritis and psoriatic diseases 492 

(Supplementary Table 3). Our analyses establish this variant to also be associated with 493 

sarcoidosis (log[OR]=-0.41, p=3.6x10-8), proposing sarcoidosis as a new indication for TYK2 494 

inhibitors. Similarly, while the pleiotropy of CHEK2 provides support for exploring CHEK2 495 

inhibitors against a broader spectrum of malignancies, our analyses also highlight a risk for 496 

potential haematological perturbations upon CHEK2 inhibitor treatment. 497 

  498 
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Supplementary Results: METTL11B methylase missense variant in AF 499 

METTL11B is a N-terminal monomethylase that methylates target proteins containing a N-500 

terminal [Ala/Pro/Ser]-Pro-Lys motif62. The missense variant Ile127Met (SIFT=0, 501 

PolyPhen=1.0) falls within a conserved motif in the enzyme’s S-adenosylmethionine/S-502 

adenosyl-l-homocysteine ligand binding site63. METTL11B expression is enriched in heart and 503 

skeletal muscles with highest expression in heart, in particular cardiomyocytes64,65. We 504 

scanned protein sequences for a presence of the [Ala/Pro/Ser]-Pro-Lys motif and elevated 505 

expression in cardiomyocytes (Methods, Supplementary Table 12). We found statistically 506 

significant enrichment of genes encoding [Ala/Pro/Ser]-Pro-Lys motif containing proteins 507 

amongst genes with elevated expression in cardiomyocytes (OR=1.34, 95% CI=[1.16, 1.54], 508 

p=3.2x10-5), many of which show N-terminal [Ala/Pro/Ser]-Pro-Lys motifs (OR=1.24, 95% 509 

CI=[1.06, 1.44], p=5.6x10-3). The group of proteins containing [Ala/Pro/Ser]-Pro-Lys motifs 510 

includes several well-established AF genes66 such as potassium channels (KCNA5, KCNE4, 511 

KCNN3), sodium channels (SCN5A, SCN10A), NPPA, and TTN. Our data support METTL11B 512 

as the causal gene in this GWAS locus and a relevance for N-terminal [Ala/Pro/Ser]-Pro-Lys 513 

methylation in cardiomyocytes for AF. 514 

 515 

  516 
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Supplementary Discussion on coding associations in SCN5A-SCN10A and 517 

HCN4-REC114 AF loci 518 

The SCN10A Ala1073Val variant associated with AF 519 

The SCN5A-SCN10A locus is well known to be associated with cardiac arrhythmic disorders 520 

including AF. A common variant in SCN10A alternatively presents Alanine or Valine at the 521 

p.1073 position and is associated with AF. In the present study, the Val1073 variant was 522 

associated with a decreased risk of developing of AF. This is consistent with the previously 523 

shown association of the Ala1073 variant with higher incidence of AF67. The Val variant was 524 

also associated with slower cardiac conduction68. Functional studies of the Nav1.8 sodium 525 

channel encoded by SCN10A have shown the Val variant to exhibit lower current density and 526 

lower persistent (or late) current than the Ala form67,69 and faster inactivation and slower and 527 

incomplete recovery from inactivation69. There is a negligible transcription of Nav1.8 in the 528 

human atrial in sinus rhythm and AF subjects70 but a sizeable expression of Nav1.8 channels 529 

in cardiac ganglionated plexi71,72 localized within the atrial epicardial adipose tissue. Perfusion 530 

of these plexi with a specific Nav1.8 inhibitor prevented the ability of vagus nerve stimulation 531 

to decrease heart rate, to increase the PR interval and to increase the inducibility of AF by local 532 

atrial tachypacing71. Of note, the Val1073 variant was also linked to a diminution of mechanical 533 

pain sensation73. 534 

 535 

The SCN5A Thr220Ile variant associated with AF 536 

The SCN5A Thr220Ile variant causes a 5 mV hyperpolarizing shift of the SS-inactivation and 537 

a 25% reduction of current density of the Nav1.5 channel74,75. The Thr220Ile variant lies in the 538 

S4, voltage sensing segment, of the first transmembrane domain DI of Nav1.576 and causes a 539 

loss of function (LOF) through a 5 mV hyperpolarizing shift of steady-state inactivation and a 540 

25% lower current density74,75. This variant has also been associated with conduction defects, 541 

sick sinus syndrome and atrial standstill77 in family studies with bradycardic changes. 542 

Importantly, this variant has also been associated with dilated cardiomyopathy (DCM)78. The 543 

Thr residue implicated is neighbored, in the same DI/S4 voltage sensor domain, by three Arg 544 

residues whose mutations Arg219His, Arg222Gln, and Arg225Trp all are also associated with 545 

DCM. They share a substitution of the positively charged Arg residue by non-polar ones, and 546 

this creates a cation-selective gating pore current that carries a permanent depolarizing current 547 

and disturbs ionic homeostasis (reviewed in 79,80). The moderate LOF found with Thr220Ile is 548 
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not likely to explain such a severe phenotype as DCM. An alternative hypothesis is that 549 

replacement of the polar Thr by the non-polar Ile might create a cation-selective gating pore79,80.  550 

 551 

The HCN4 Asp364Asn variant associated with AF 552 

Another AF GWAS locus is tagged by the common intergenic sentinel variant rs74022964 553 

between HCN4 and REC11432,33. We identified a rare, FG enriched variant in HCN4 554 

(rs151004999:T; Asp364Asn; MAF=0.045% [UKB], 0.17% [FG]; SIFT=0.05, PolyPhen=0.41) 555 

as associated with increased AF risk (log[OR]=0.72, p=2.8x10-8). HCN4 is a 556 

hyperpolarization-activated ion channel contributing to the cardiac pacemaker current known 557 

as the funny current (If). Mutations in HCN4 have been associated with familial bradycardia 558 

(also known as sick sinus syndrome 2) and Brugada syndrome 8 in family studies81. 559 

Consistently, in addition to the AF signal, we also found an association with decreased heart 560 

rate (beta=-0.49, p=3.8x10-21).The Asp364Asn variant lies in a poorly conserved region of the 561 

protein and its effects on the HCN4 channel have not been explored (ClinVar). The association 562 

with decreased heart rate and increased AF risk potentially points to a LOF effect of HCN4, 563 

although further functional studies are required to elucidate this further. 564 

  565 
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Supplementary Methods: Functional characterization of PITX2c Pro41Ser 566 

Methods relating to Independent AF participants, DNA extraction, PCR and Sanger 567 

sequencing relating to the analysis of association of Pro41Ser PITX2 with AF in a French 568 

cohort were previously described in82.  569 

 570 

PITX2c cDNA constructs  571 

For gene reporter essay in TM-1 cells (Transformed human trabecular meshwork cells), the 572 

Pro41Ser variant was generated by site-directed mutagenesis (QuikChange®, Agilent 573 

Technologies, Mississauga, ON) using a pcDNA4/HisMax© plasmid (Invitrogen, Burlington, 574 

ON) expressing the wild-type Xpress™-tagged PITX2c83 (accession number for the PITX2 575 

sequence is MIM 601542). The forward mutagenesis primers are similar to those reported 576 

before82. NdeI/XhoI restricted fragments were subcloned into pcDNA4:PITX2c. The plasmids 577 

were purified using QIAGEN Maxiprep or QIAprep® Spin Miniprep kits (QIAGEN Inc., 578 

Mississauga, ON) and validated by sequencing. For HL-1 cells experiments, we generated a 579 

V5-Tag-pcDNA3.1/Zeo vector carrying the open reading frames from human PITX2 wild type 580 

and mutant sequences as previously described82. 581 

 582 

Western blot Analysis  583 

Protein expression of the Pro41Ser variant was assessed in TM-1 cells using Anti-Xpress™ 584 

(Invitrogen) antibodies to detect Xpress-tagged recombinant proteins84. The PITX2c protein 585 

expression was also confirmed in HL-1 cells (mouse immortalized atrial myocardial cells)85, 586 

transfected with V5-tagged vectors. The cells were seeded in 24-well plates and transfected 587 

using lipofectamine 2000 (Invitrogen) and 0.2µg of plasmid per well (V5-PITX2c WT or V5-588 

PITX2c Pro41Ser). 24hr after transfection, cells were collected, and Western blot was 589 

performed as previously described82. 590 

 591 

Transactivation assays 592 

A pGL3Basic-SLC13A3 reporter plasmid was engineered to contain an upstream promoter 593 

fragment of SLC13A3 and contains a putative binding site for PITX2c83. The promoter controls 594 

the transcription of an appended luciferase-coding sequence. 595 

 596 

A PITX2c-expressing plasmid or the empty expression vector were co-transfected (n=3) with 597 

the pGL3Basic-SLC13A3 reporter and a pCMVβ transfection control vector (Clontech 598 
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Laboratories, Inc, Mountain View, CA) into TM-1 cells (500 ng, 60 ng and 30 ng respectively). 599 

Luciferase activity was measured by luminometry (Turner Designs, Sunnyvale, CA) according 600 

to the manufacturer’s instructions and standardized to the β-galactosidase (internal control, β-601 

galactosidase Enzyme Assay System, Promega, Madison, WI, USA). 602 

 603 

Immunolocalization  604 

Immunofluorescence was carried out as previously described86. 24hr after transfection, TM-1 605 

cells (grown on coverslips) were fixed with 2% paraformaldehyde/PBS for 20 min. Antibodies: 606 

anti-Xpress and Mouse-Cy3 (Jackson ImmunoResearch, West Grove, PA) were used at a 607 

dilution of 1:500. The nuclei were labelled with a mounting medium containing DAPI. No 608 

significant difference of PITX2c protein expression was seen when normalized to GADPH 609 

internal control. 610 

 611 

Electrophoretic mobility shift assays 612 

WT and mutated PITX2c proteins’ affinity with the DNA bicoid binding site were investigated 613 

by non-denaturing polyacrylamide gel electrophoresis of a mixture of double-stranded Cy3-614 

labelled DNA (at 0.5 µM) and whole-cell extracts of TM-1 cells (40 µg) transfected with a 615 

PITX2c construct.  616 

 617 

Quantitative Reverse Transcriptase–PCR Analyses in HL-1 cells 618 

HL-1 cells transfected with V5-tagged vectors were collected 24h after transfection. Total 619 

RNA extraction was carried out using SV Total RNA isolation system (Promega) followed by 620 

cDNA synthesis using Maxima first strand cDNA synthesis kit for RT-qPCR (Fermentas life 621 

science) according to the manufacturers' instructions. qRT-PCR was performed using 622 

SsoFastTM EvaGreen (BioRad) supermix in a CFX384 QPCR System (BioRad). 623 

 624 

Additional details on antibodies and cell-lines 625 

Antibodies used: For Western blots on HL-1 cell protein extracts, antibodies were a mouse 626 

monoclonal anti-V5 (V8012, Sigma-Aldrich) and a mouse monoclonal anti-GAPDH (G8795, 627 

Sigma-Aldrich). Batch numbers unknown. Antibodies used with TM-1 cells experiments: 628 

Anti-Xpress Monoclonal Antibody was purchased from ThermoFisher Scientific (#R910-25). 629 

Batch number unknown. Goat Anti-Mouse-IgG coupled to Cyanine3: Cy™3 AffiniPure Goat 630 

Anti-Mouse IgG (H+L) polyclonal, was purchased from Jackson ImmunoResearch 631 

Laboratories Inc. (#115-165-003). Batch number unknown. (115-165-003). 632 
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Antibody validation:  633 

V8012, Sigma-Aldrich 634 

https://www.sigmaaldrich.com/FR/fr/search/v8012?focus=products&page=1&perPage=30&s635 

ort=relevance&term=V8012&type=product  636 

V8012 V5-10, monoclonal WB, ICC 637 

G8795, Sigma-Aldrich 638 

https://www.sigmaaldrich.com/FR/fr/search/g8795?focus=products&page=1&perPage=30&s639 

ort=relevance&term=G8795&type=product  640 

G8795 GAPDH-71.1, monoclonal WB, ARR, ICC, ELISA mouse, mink, rabbit, rat, human, 641 

hamster, canine, turkey, chicken, monkey, bovine. Sigma-Aldrich quote papers and show 642 

images from the literature in which Abs V8012 and G8795 were used, but do not endorse them 643 

as a validation. 644 

Cell lines: The TM-1 cell line are also named HTM or HTMC (immortalized Human 645 

Trabecular Meshwork cells). The TM-1 cell line (immortalized human Trabecular Meshwork 646 

cells) was a gift from Dr. Vincent Raymond, and was cultured in Dulbecco′s Modified Eagle′s 647 

Medium - low glucose (Sigma, #D6046). HL-1 cell were a gift from Dr. W.C. Claycomb and 648 

were cultured using his dedicated "Claycomb Medium" ordered from Sigma-Aldrich (product 649 

51800C) and the Fetal Calf Serum lot certified by Dr. Claycomb, ordered from Sigma-Aldrich 650 

(product F2442 lot #058K8426). Since Dr. W.C. Claycomb passed-away the HL-1 cells are 651 

provided by SIGMA and other firms. HL-1 cells were authenticated by Dr. W.C. Claycomb. 652 

No authentication tests have been performed in our laboratories. The ISLAC register searches 653 

for TM-1 or HTM or HTMC and for HL-1 did not report any match. 654 

 655 

All experimental quantitative data were analyzed using unpaired two-tailed Student’s t-656 

test. Unless otherwise mentioned, assays and measurements were done in triplicate. Data 657 

are reported as mean ± SEM. 658 

 659 

  660 
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Supplementary Results on PITX2c Pro41Ser 661 

We genotyped the PITX2 gene in a cohort of 60 unrelated patients with a history of atrial 662 

fibrillation and 389 controls. We identified a novel heterozygous variant, a single-base 663 

substitution of a cytosine by a thymidine at nucleotide 121 (c.121C>T) resulting in an amino 664 

acid change from proline to serine at position 41 (Pro41Ser) (Supplementary Figure 3). The 665 

propositus is a 65-years old female. She was first diagnosed with paroxysmal AF without heart 666 

disease when she was 48 years old. 667 

 668 

Reporter gene assay 669 

We verified that the increased transactivation effects did not result from a higher protein 670 

expression of the variant (see Western blot images in Supplementary Figure 4) or from a 671 

change in the intracellular distribution of the recombinant proteins since the nuclear 672 

localization was similar to that of the WT (Supplementary Figure 5a). Moreover, they were 673 

not linked to the ability of WT and mutated PITX2c proteins to interact with the DNA bicoid 674 

binding site as tested by EMSA assay (Supplementary Figure 5b). The full images of the 675 

EMSA gel and corresponding Western blot are shown in Supplementary Figure 6. 676 

 677 

qRT-PCR determination of connexins and ion channels 678 

Control experiments show the differences in expression of PITX2c (Supplementary Table 679 

14) that were taken into account to normalize the mRNA level measurements. Further, it was 680 

verified that cells transfected with an empty vector had mRNA levels similar to those in non-681 

transfected cells (Supplementary Table 14). 682 

 683 

Supplementary Discussion on PITX2c Pro41Ser 684 

PITX2c Pro41Ser is the second PITX2c gain-of-function mutation identified as underlying AF 685 

and appears to impact PITX2c in a similar manner as a previously described Met207Val 686 

mutation that had been identified in a family study82. The Pro41Ser variant is situated in exon 687 

4, which encodes a 52 amino-acid N-terminal sequence specific to PITX2c and humans. This 688 

domain has been ascribed a crucial role in cardiac asymmetric morphogenesis87. Its 689 

overexpression on the left side of the chick embryo randomized the direction of heart looping, 690 

an effect that was lost when a Lysine at amino acid position 41 (amino acid position 33 in 691 

human PITX2c) was artificially mutated to an Arginine88.  692 
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We observed a gain-of-function in the transactivation activity of Pro41Ser-PITX2c (Extended 693 

Data Figure 8). PITX2c has been found to be over-expressed in human atrial myocytes 694 

isolated from patients with chronic atrial fibrillation89. The Pro41Ser mutant in HL-1 cells 695 

increased KCNH2 mRNA 1.81-fold. Such an increase in the rapid outward rectifier current IKr 696 

(encoded by KCNH2), likely shortens atrial action potential duration and refractory period, 697 

which favors re-entry of excitation and thus AF90. Such IKr gain-of-function induced by 698 

mutations of KCNH2 has been associated with familial AF91,92. In HL-1 cells, the Pro41Ser 699 

mutant caused an increase in Cx40 and Cx43 mRNAs by1.76-fold and 1.85-fold respectively 700 

(Supplementary Table 14). Such a parallel increase was found in Cx40 and Cx43 proteins in 701 

the left atrial myocardium of patients with AF93. In summary, the results obtained for Pro41Ser 702 

PITX2c experimentally are likely to explain the association of this variant with increased risk 703 

of AF. 704 

  705 



 30 

Supplementary Figures PITX2c-Pro41Ser 706 
 707 
Supplementary Figure 3. Electropherogram of the proband carrying the Pro41Ser 708 
variant. Arrows show the cytosine to thymidine change and box shows the resulting codon 709 
change.  710 
 711 

 712 
  713 
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Supplementary Figure 4. Western Blots related to PITX2c transactivation reporter 714 
assays of Extended Data Figure 8. (a) Western blot of PITX2c proteins in TM-1 cells: the 715 
WT and Pro41Ser PITX2c proteins were expressed comparably in TM-1 cells. Molecular 716 
weight markers were cropped from a visible light image of lane 1. The numbers on the left are 717 
the molecular weights in kDa. (b) Superimposed labeling of PITX2c and the a-tubulin loading 718 
control. Rectangles in panel b delineate the regions that were cropped to provide panel c. 719 
“empty” is empty vector transfection; P41S stands for Pro41Ser, NR: unrelated to the present 720 
study. (c) Cropped data. EV is empty vector. These data are representative of n=3 separate 721 
transfection experiments. 722 

 723 

 724 

  725 

a

c

b
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Supplementary Figure 5. (a) Immunofluorescence detection of recombinant PITX2c in 726 
TM-1 cells. Merged images of DAPI-labelled nuclei (blue colour) and anti-PITX2c labelling 727 
with Anti-Xpress Ab (1:500) as detected by goat Anti-Mouse-IgG coupled to Cyanine3 (1:500) 728 
(red colour) in cells transfected with the WT cDNA (left) or the Pro41Ser variant cDNA (right). 729 
Red labelling was undetectable outside of nuclear location in TM-1 cells. The scale bar is 730 
20µm. (b) Upper panel: Electrophoretic mobility shift assays (EMSA) analysis. Whole-731 
cell extracts from TM-1 cells transfected with cDNA4: Xpress-PITX2c plasmids. Negative 732 
control: probe alone (P) or with empty vector (P+EV) exhibited a single low-mobility shifted 733 
background band. Complexes of probe bound to recombinant PITX2c constructs (WT and 734 
Pro41Ser), separated by blank lanes (B), were shifted to the same location in the respective 735 
lanes, with unbound probe migrating to the bottom of the gel. Lower panel: Western analysis 736 
shows the expression levels of the Xpress-PITX2c constructs, PITX2c WT (WT) and PITX2c 737 
Pro41Ser in TM-1 cells, in relation to the a-tubulin internal lane control. The data are 738 
representative of n=3 separate transfection experiments. Full EMSA gel and WB membrane 739 
images are provided in Supplementary Figure 6. 740 

 741 
  742 

b

a
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Supplementary Figure 6. Full size images of the EMSA gel. (a) and corresponding western 743 
blot (b). The molecular weight markers (c) were run on a separate gel in the same conditions. 744 
A cropped image of the markers lane in c was juxtaposed to the western blot image to produce 745 
the image in (d). P: probe only; P+WT: probe + PITX2c WT; B: blank; WT: PITX2c WT; 746 
EV: empty vector; Pro41Ser: PITX2c Pro41Ser; NR: not relevant to this study. This figure is 747 
provided for showing the absence of undue image manipulation for producing Supplementary 748 
Figures 5b and 5c. The data are representative of n=3 separate transfection experiments. 749 
 750 
 751 

 752 
  753 
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Supplementary File 1 Legend 754 

Interactive Manhattan plot summary of novel sentinel associations. Size of the point is 755 

proportional to effect size. -log10(p) capped at -log10(10-50). Colours indicate disease groups 756 

(click [select/deselect trace]/double click [isolate one trace] on the legend to toggle selection). 757 

“+” indicate novel variant and gene, “´” indicate novel variant (r2<0.2) not reported in GWAS 758 

Catalog/PhenoScanner for the disease. Dotted horizontal lines indicate -log10(2x10-9) [brown] 759 

and -log10(5x10-8) [grey]. Hover over the points for detailed information and double click/click 760 

on colors/shape in the legends to filter on select groups. Tooltip is available at top right for 761 

additional interactive options including: zooming and panning, selection, toggling multiple 762 

highlighting of nearby regions on hover and saving as static images. 763 

  764 
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Supplementary Files 2a-c Legend 765 

Interactive surface plot of effects of cohort specific allele enrichment on inverse variant 766 

weighted meta-analysis z-scores (IVW uplift) across MAFs (up to MAF 1%). Uplift is 767 

defined as the ratio of meta-analysed IVW Z-score to the Z-score of an individual study. (a) 768 

theoretically predicted IVW uplift. (b) observed IVW uplift. (c) Median absolute relative 769 

error (MARE, %) between simulated and theoretical IVW uplift values. For each 770 

combination of MAF and allelic enrichment, we simulated 1000 datasets for two binary 771 

variables reflecting disease status. Study sample size and disease prevalence were fixed 772 

(matching values estimates from UKB and FG), genomic effects were randomly sampled from 773 

the set of positive effect sizes in UKB and FG (Supplementary Table 3), MAF was varied 774 

from 0.01% to 1% and allele enrichment (in the smaller study) ranged from 1 to 50. Tooltip is 775 

available at top right for additional interactive options including zooming, panning and saving 776 

as static images. 777 

  778 
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Supplementary Table Legends 779 

ST1. Demographics of UKB and FG cohorts 780 
Abbreviations: UKB (UK Biobank); FG (FinnGen); R5 and R6; (FinnGen release 5 and 6 respectively); 781 
International Statistical Classification of Diseases and Related Health Problems 10th Revision (ICD10). 782 
 783 
ST2. Disease definition and counts in UKB and FG 784 
Phecode/ICD10: Unique disease code identifier, either Phecode or ICD10 code. 785 
FG trait ID: identifier used in FG 786 
FG-UKB similarity score: similarity between FG and UKB defined disease phenotypes (see Methods). 787 
Disease cluster ID: unique identifier of grouped diseases (similar disease grouped as one) as defined in Methods 788 
UKB/FG cases: UKB/FG number of cases in each cohort (R5 and R6 denote release 5 and 6 of FG respectively) 789 
Additional sex specific analysis: whether additional male/female specific analysis were performed 790 
Post-QC variants analysed: number of genetic variants analysed post-QC filtering (see Methods). 791 
 792 
ST3. Genome-wide significant associations identified in UKB-FG CWAS meta-analysis 793 
Abbreviations: CWAS (Coding-Wide Association Study); CHR: chromosome; POS: genetic position (hg38); 794 
A0, A1 (effect): variant alleles with A1 denoted effect allele which beta relates to; MAF: minor allele frequency 795 
in UKB/FG; SE: standard error; META: meta-analysis. 796 
 797 
Variant ID: unique variant ID 798 
Region ID: unique (distinct) genetic region ID, where any overlapping regions across all associations are merged 799 
into one region (identified by the region ID). See Methods. 800 
Disease cluster ID: defined above. 801 
Sex: whether the association came from analysis of both males and females (all), or males/females only 802 
BETA/SE/LOGP_[META/UKB/FG]: effect size (log([OR])/SE/-log10(p) for meta-analysis/UKB/FG 803 
respectively 804 
1-SIFT/PolyPhen: (1-SFIT score)/PolyPhen scores where available. 805 
Novel variant-trait association: indicator (1=novel, 0=reported) for whether the sentinel variant or its proxy 806 
(r2>0.2) for the same/similar trait has been reported previously in GWAS Catalog or PhenoScanner at p<5x10-8 807 
(see Methods). 808 
Novel gene-trait implication: indicator (1=novel, 0=reported) for whether the associated coding gene has been 809 
reported previously (as the annotated gene) in GWAS Catalog (GC) or PhenoScanner (PS) at p<5x10-8 (see 810 
Methods). 811 
Novel ClinVar variant/ ClinVar pathogenicity: indicator (1=novel, 0=reported) for whether the sentinel variant 812 
has been reported previously in ClinVar, and if reported previously, what is the assigned ClinVar pathogenicity. 813 
See Methods and ST7 for further details. 814 
Manual curation of novel associations: indicator (1=novel, 0=reported) for whether the novel variant or gene 815 
associations were previously reported at p<5x10-8 (see Methods). Only associations with Novel variant-trait 816 
association (=1 for both GC and PS) AND Novel gene-trait implication (=1 for both GC and PS) AND Novel 817 
ClinVar (=1) were followed up in manual curations to see whether the associations were novel. 818 
 819 
ST4 and ST5. Significant sentinel associations identified in UKB/FG alone 820 
Sentinel associations (p<5x10-8) using UKB (ST4) and FG(ST5) cohorts alone and indicator (1=replicated, 821 
0=not replicated) to indicate whether the association was replicated in FG (ST4) or UKB (ST5) at p<0.05. 822 
Abbreviations and column legend are defined above. 823 
 824 
ST6. Allele frequency enrichment between UKB and FG for sentinel CWAS variants 825 
Ordered by magnitude of enrichment. Green: >2 fold enrichment in UKB, Red: >2 fold enrichment in FG. 826 
A1 freq UKB/FG: Allele 1 frequency in UKB/FG. 827 
log2(FG/UKB freq): log2(FG A1 frequency/UKB A1 frequency). 828 
Enrichment (Fisher's) p: p-value of allele frequencies for UKB and FG from Fisher’s test (two-sided). 829 
 830 
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ST7. ClinVar annotation of sentinel variants 831 
Gene Info: Gene identified in ClinVar. 832 
Clinical disease: Clinical disease in ClinVar 833 
Matched Trait (FG trait ID): CWAS associated disease trait (FG trait ID – used for more interpretable 834 
naming) matching one of the clinical diseases. 835 
Putative related traits for unmatched traits (FG ID [possible clinical connection]): curated putatively 836 
related CWAS associated diseases (FG trait ID) for clinical diseases with no direct matched trait. The possible 837 
clinical connection of the relationship is summarised in square parentheses. 838 
ACMG actionable gene: whether the gene is an ACMG (American College of Medical Genetics) clinically 839 
actionable gene (see Methods). 840 
 841 
ST8. List of biomarkers tested in UKB 842 
UKB Field ID: UKB unique field identifier. 843 
Participants: number of individuals with measurement. 844 
Category: Broad category of biomarkers. 845 
Biochemistry subcategory: Additional subcategory for “blood biochemistry” and “urine assays” categories, as 846 
defined by UKB in https://www.ukbiobank.ac.uk/media/oiudpjqa/bcm023_ukb_biomarker_panel_website_v1-847 
0-aug-2015-edit-2018.pdf  848 
 849 
ST9. Significant associations (p<10-6) of CWAS sentinel variants with biomarkers 850 
BETA: effect size (c.f. log[OR] in disease association BETA columns). 851 
Other column names as defined above. 852 
 853 
ST10. List of drugs targeting genes with a significant coding association 854 
Abbreviations: CT (Clinical trial); MOA (Mechanism of Action); TTD (Therapeutic Target Database) 855 
Target Gene: The gene/gene encoding the protein target of the drug 856 
TTD Target ID/Drug ID: unique identifier used for the target/drug in TTD 857 
 858 
ST11. Enrichment of significant genes for approved drug target 859 
Abbreviations: OR (Odds Ratio); CI (Confidence Interval) 860 
Fisher’s test (two-sided) used. 861 
 862 
ST12. Proteins containing METTL11B target motifs with elevated expression in cardiomyocytes 863 
Uniprot: UniProt identifier 864 
Entry name: UniProt entry name 865 
Gene names: Gene name and aliases for the protein 866 
Motif (single letter amino acids): protein position of motif: P (Proline), A (Alanine), L (Lysine), S (Serine) 867 
 868 
ST13. Clustered-MR estimates of overlapping GWAS and CWAS gene set 869 
Abbreviations: MR (Mendelian randomization) 870 
_gwa: MR using AF GWAS results (Nielsen et al) 871 
Cluster label: ID label of the MR cluster 872 
Cluster mean: MR estimate of the cluster 873 
Ratio est: MR estimate of each gene locus 874 
Cluster class: whether the locus belongs to one of the cluster labels or part of the “null” class (see Methods) 875 
 876 
ST14. PITX2c Pro41Ser variant effects on the mRNA levels for selected proteins involved in AF. 877 
Quantification of PITX2c expression in HL-1 cells transfected with either the WT or the Pro41Ser-878 
mutated PITX2c plasmid (Pro41Ser) normalized to GADPH internal control. 879 
Levels of mRNA for connexins and ion channels in HL-1 cells, either non-transfected (NT) or transfected 880 
with an empty vector (EV) (i.e: the V5-Tag-pcDNA3.1/Zeo vector devoid of any PITX2 sequence).  881 
 882 
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Abbreviations: WT (Wild-type); SEM (Standard Error of the Mean). 883 
n=3 transfections with n=3 repeats of dosage on each cell dish extract. Two-sided t-test used. 884 
 885 
  886 
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Biobank contributions to FinnGen 887 

Auria Biobank (www.auria.fi/biopankki),  888 

THL Biobank (www.thl.fi/biobank) 889 

Helsinki Biobank (www.helsinginbiopankki.fi) 890 

Biobank Borealis of Northern Finland (https://www.ppshp.fi/Tutkimus-ja-891 

opetus/Biopankki/Pages/Biobank-Borealis-briefly-in-English.aspx) 892 

Finnish Clinical Biobank Tampere (www.tays.fi/en-893 

US/Research_and_development/Finnish_Clinical_Biobank_Tampere) 894 

Biobank of Eastern Finland (www.ita-suomenbiopankki.fi/en) 895 

Central Finland Biobank (www.ksshp.fi/fi-FI/Potilaalle/Biopankki) 896 

Finnish Red Cross Blood Service Biobank 897 

(www.veripalvelu.fi/verenluovutus/biopankkitoiminta) 898 

Terveystalo Biobank (www.terveystalo.com/fi/Yritystietoa/Terveystalo-899 

Biopankki/Biopankki/) 900 

 901 

All Finnish Biobanks are members of BBMRI.fi infrastructure (www.bbmri.fi) and FinBB 902 

(https://finbb.fi/). 903 

 904 

  905 
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FinnGen ethics statement details 906 

Patients and control subjects in FinnGen provided informed consent for biobank research, 907 

based on the Finnish Biobank Act. Alternatively, separate research cohorts, collected prior the 908 

Finnish Biobank Act came into effect (in September 2013) and start of FinnGen (August 2017), 909 

were collected based on study-specific consents and later transferred to the Finnish biobanks 910 

after approval by Fimea, the National Supervisory Authority for Welfare and Health. 911 

Recruitment protocols followed the biobank protocols approved by Fimea. The Coordinating 912 

Ethics Committee of the Hospital District of Helsinki and Uusimaa (HUS) approved the 913 

FinnGen study protocol Nr HUS/990/2017. 914 

 915 

The FinnGen study is approved by Finnish Institute for Health and Welfare (permit numbers: 916 

THL/2031/6.02.00/2017, THL/1101/5.05.00/2017, THL/341/6.02.00/2018, 917 

THL/2222/6.02.00/2018, THL/283/6.02.00/2019, THL/1721/5.05.00/2019, 918 

THL/1524/5.05.00/2020, and THL/2364/14.02/2020), Digital and population data service 919 

agency (permit numbers: VRK43431/2017-3, VRK/6909/2018-3, VRK/4415/2019-3), the 920 

Social Insurance Institution (permit numbers: KELA 58/522/2017, KELA 131/522/2018, 921 

KELA 70/522/2019, KELA 98/522/2019, KELA 138/522/2019, KELA 2/522/2020, KELA 922 

16/522/2020 and Statistics Finland (permit numbers: TK-53-1041-17 and TK-53-90-20).  923 

 924 

The Biobank Access Decisions for FinnGen samples and data utilized in FinnGen Data Freeze 925 

6 include: THL Biobank BB2017_55, BB2017_111, BB2018_19, BB_2018_34, BB_2018_67, 926 

BB2018_71, BB2019_7, BB2019_8, BB2019_26, BB2020_1, Finnish Red Cross Blood 927 

Service Biobank 7.12.2017, Helsinki Biobank HUS/359/2017, Auria Biobank AB17-5154, 928 

Biobank Borealis of Northern Finland_2017_1013,  Biobank of Eastern Finland 1186/2018, 929 

Finnish Clinical Biobank Tampere MH0004, Central Finland Biobank 1-2017, and Terveystalo 930 

Biobank STB 2018001.  931 

  932 
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FinnGen consortium contributors 933 
Steering Committee  934 
Aarno Palotie  Institute for Molecular Medicine Finland, HiLIFE, University of Helsinki, Finland 935 
Mark Daly  Institute for Molecular Medicine Finland, HiLIFE, University of Helsinki, Finland 936 
Pharmaceutical companies 937 
Bridget Riley-Gills  Abbvie, Chicago, IL, United States 938 
Howard Jacob   Abbvie, Chicago, IL, United States 939 
Dirk Paul   Astra Zeneca, Cambridge, United Kingdom 940 
Heiko Runz   Biogen, Cambridge, MA, United States 941 
Sally John   Biogen, Cambridge, MA, United States 942 
Robert Plenge   Celgene, Summit, NJ, United States/Bristol Myers Squibb, New York, NY, United 943 
States 944 
Mark McCarthy   Genentech, San Francisco, CA, United States 945 
Julie Hunkapiller   Genentech, San Francisco, CA, United States 946 
Meg Ehm   GlaxoSmithKline, Brentford, United Kingdom 947 
Kirsi Auro  GlaxoSmithKline, Brentford, United Kingdom 948 
Caroline Fox   Merck, Kenilworth, NJ, United States 949 
Anders Mälarstig  Pfizer, New York, NY, United States 950 
Katherine Klinger  Sanofi, Paris, France 951 
Deepak Raipal   Sanofi, Paris, France 952 
Tim Behrens   Maze Therapeutics, San Francisco, CA, United States 953 
Robert Yang   Janssen Biotech, Beerse, Belgium 954 
Richard Siegel   Novartis, Basel, Switzerland 955 
University of Helsinki & Biobanks 956 
Tomi Mäkelä   HiLIFE, University of Helsinki, Finland, Finland 957 
Jaakko Kaprio   Institute for Molecular Medicine Finland, HiLIFE, Helsinki, Finland, Finland 958 
Petri Virolainen   Auria Biobank / University of Turku / Hospital District of Southwest Finland, Turku, 959 
Finland 960 
Antti Hakanen   Auria Biobank / University of Turku / Hospital District of Southwest Finland, Turku, 961 
Finland 962 
Terhi Kilpi   THL Biobank / The National Institute of Health and Welfare Helsinki, Finland 963 
Markus Perola   THL Biobank / The National Institute of Health and Welfare Helsinki, Finland 964 
Jukka Partanen   Finnish Red Cross Blood Service / Finnish Hematology Registry and Clinical 965 
Biobank, Helsinki, Finland  966 
Anne Pitkäranta   Helsinki Biobank / Helsinki University and Hospital District of Helsinki and 967 
Uusimaa, Helsinki 968 
Juhani Junttila   Northern Finland Biobank Borealis / University of Oulu / Northern Ostrobothnia 969 
Hospital District, Oulu, Finland 970 
Raisa Serpi   Northern Finland Biobank Borealis / University of Oulu / Northern Ostrobothnia 971 
Hospital District, Oulu, Finland 972 
Tarja Laitinen   Finnish Clinical Biobank Tampere / University of Tampere / Pirkanmaa Hospital 973 
District, Tampere, Finland 974 
Johanna Mäkelä  Finnish Clinical Biobank Tampere / University of Tampere / Pirkanmaa Hospital 975 
District, Tampere, Finland 976 
Veli-Matti Kosma  Biobank of Eastern Finland / University of Eastern Finland / Northern Savo Hospital 977 
District, Kuopio, Finland 978 
Urho Kujala   Central Finland Biobank / University of Jyväskylä / Central Finland Health Care 979 
District, Jyväskylä, Finland 980 
Other Experts/ Non-Voting Members  981 
Outi Tuovila   Business Finland, Helsinki, Finland 982 
Raimo Pakkanen   Business Finland, Helsinki, Finland 983 
 984 
Scientific Committee 985 
Pharmaceutical companies 986 
Jeffrey Waring   Abbvie, Chicago, IL, United States  987 
Ali Abbasi   Abbvie, Chicago, IL, United States 988 
Mengzhen Liu  Abbvie, Chicago, IL, United States 989 
Ioanna Tachmazidou Astra Zeneca, Cambridge, United Kingdom 990 
Chia-Yen Chen  Biogen, Cambridge, MA, United States 991 
Heiko Runz   Biogen, Cambridge, MA, United States 992 
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Shameek Biswas   Celgene, Summit, NJ, United States/Bristol Myers Squibb, New York, NY, United 993 
States 994 
Julie Hunkapiller   Genentech, San Francisco, CA, United States 995 
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