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12 Abstract

13  Meta-analysis is now an essential tool for genetic association studies, allowing these to
14  combine large studies and greatly accelerating the pace of genetic discovery. Although
15 the standard meta-analysis methods perform equivalently as the more cumbersome joint
16  analysis under ideal settings, they result in substantial power loss under unbalanced
17  settings with various case-control ratios. Here, we investigate why the standard meta-
18 analysis methods lose power under unbalanced settings, and further propose a novel
19 meta-analysis method that performs as efficiently as joint analysis under general
20  settings. Our proposed method can accurately approximate the score statistics
21 obtainable by joint analysis, for both linear and logistic regression models, with and
22 without covariates. In addition, we propose a novel approach to adjust for population
23  stratification by correcting for known population structures through minor allele

24  frequencies (MAFs). In the simulated gene-level association studies under unbalanced
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25  settings, our method recovered up to 85% power loss caused by the standard method.
26  We further showed the power gain of our method in gene-level association studies with
27 26 unbalanced real studies of Age-related Macular Degeneration (AMD). In addition, we
28 took the meta-analysis of three studies of type 2 diabetes (T2D) as an example to
29  discuss the challenges of meta-analyzing multi-ethnic samples. In summary, we propose
30 improved single-variant score statistics in meta-analysis, requiring “accurate” population-
31  specific MAFs for multi-ethnic studies. These improved score statistics can be used to
32 construct both single-variant and gene-level association studies, providing a useful
33  framework for ensuring well-powered, convenient, cross-study analyses.

34
35 Keywords: meta-analysis; score statistics; unbalanced setting; population

36 stratification; single-variant association study; gene-level association study; multi-ethnic;
37  minor allele frequency

38
39 Introduction

40 Meta-analysis is now an essential tool for genetic association studies, allowing these to
41  combine information on 100,000s — 1,000,000s of samples, and greatly accelerating the
42  pace of genetic discovery. Under ideal experiment settings, e.g., the same case-control
43  ratio for all individual studies, the standard meta-analysis methods perform as efficiently
44  as the more cumbersome alternative of sharing individual-level data'. Standard meta-
45 analysis methods have been routinely used in many large-scale genome-wide
46  association studies (GWASSs), identifying many complex trait loci, e.g., type 2 diabetes
47  (T2D)**, lipid levels®, body mass index (BMI)®, rheumatoid arthritis’, and fasting glucose

48  levels®. Many tools implementing standard meta-analysis methods have been proposed
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49  for both single-variant and gene-level association studies, such as METAL for single-
50 variant association studies’, META-SKAT, MASS, and RAREMETAL for gene-level
51 association studies'®®.

52 However, when the case-control ratios (or phenotype means and variances for
53 quantitative traits) vary among individual studies due to unbalanced study designs (e.g.,
54  studies using Biobank'* data), the current standard meta-analysis methods result in
55  substantial power loss. The limitations of current standard methods apply where meta-
56  analysis is based on combining sample sizes and p values (the Stouffer method'®), using
57 regression coefficients and their standard errors (the Cochran method'®), or by
58 combining score statistics'®. Although weighting by effective sample sizes of individual
59 studies may improve the power for single-variant meta-analysis using the Stouffer and
60  Cochran methods®, the weighting strategy will fail for gene-level meta-analysis based on
61  score statistics. This is because the magnitudes of score statistics are in the order of
62 sample sizes (unlike the unit-free test statistics used by the Stouffer and Cochran
63  methods). We note that the standard meta-analysis methods based on score statistics'®
64 ' ignores the between-study variances of both phenotype and genotype by directly
65 summing within-study score statistics to approximate the “joint” score statistics. This will
66 cause power loss when the between-study variances contain association information as
67 inthe scenario of unbalanced studies.

68 Here, we describe a novel meta-analysis method that models the between-study
69 variances, thus improving power under unbalanced settings. Our method is suitable for
70  both linear and logistic regression models, with and without covariates. When the study
71  samples are of the same population (i.e., without population stratification), our method is
72  equivalent to the more cumbersome joint analysis (i.e., golden standards). For studies

73  with population stratification, where joint analysis is expected to cause inflated false
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74  positive rates, we propose a novel approach to adjust for population stratification using
75  known population structure information, i.e., population-specific minor allele frequencies
76  (MAFs). Observing that population stratification is reflected by MAFs in the score
77  statistics, we adjust population stratification by regressing out the effects of population-
78  specific MAFs (obtainable from reference panels such as 1000 Genome'’, or
79  Biobanks') from within-study MAFs. This approach aims to adjust for the between-study
80 variations due to population stratification, which can be implemented as a
81 complementary step of adjusting for first few principle components (PCs) within
82 individual studies'® (adjusting for the within-study population stratification). Although our

83  approach applies to any meta-analysis methods based on score statistics, we focus on

84  single-variant score tests'®, and further extend to enable gene-level Burden®*?' test and
85  sequential kernel association test (SKAT)?.
86 By simulation studies, we showed that, under unbalanced settings, our method

87  recovered up to 84% power loss caused by the standard methods while controlling for
88 false positive rates (i.e., type | errors), regardless of the existence of population
89  stratification. Further, we demonstrated the power gain of our method in the real gene-
90 level association studies of Age-related Macular Degeneration (AMD)?®, consisted of 26
91 unbalanced individual studies and 33,976 unrelated European samples (Table S1). For
92  example, the known AMD risk gene CF/ has SKAT p value 1.9x1071° by joint analysis,
93 pvalue 1.2x107* by the standard meta-SKAT, and p value 3.1x10~° by our meta-SKAT.
94 In addition, we applied our method on the meta-analysis of three studies of type 2
95 diabetes (T2D) with Finnish and American European populations. We noticed that the
96 standard methods were desirable when the between-study variances contain non-

97  association variances that can not be completely corrected for, such as when individual
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98 studies use different metrics for phenotypes and covariates, or when the population-

99  specific MAFs are unavailable or “inaccurate”.
100 In summary, we propose improved single-variant score statistics for meta-
101  analysis to achieve the same performance as the joint analysis under general settings.
102 These improved single-variant score statistics can be used for both single-variant
103  association studies and combined to conduct gene-level association studies. Our
104  method provides a useful framework for ensuring well-powered, convenient, cross-study
105 analyses and is now implemented in the RAREMETAL software.

106
107 Material and Methods

108 Score Statistics for Individual Studies

109 Consider conducting meta-analysis with K studies, where the kth study has n;, samples
110 genotyped at m, variants. Let y, denote the n;x1 phenotype vector; X, denote the
111  n,xmy; genotype matrix, encoding the minor allele count per individual per variant as
112 (0,1,2); and Cj denote the n; x(q, + 1) augmented covariate matrix with the first column
113  set to 1’s and the others encoding g, covariates. For each individual study, we consider
114  the standard linear regression model (Equation 1) for quantitative traits

115 Yki — Ckiak + inﬁk + €;, fi"“N(O, 0'12(), i= 1, e, Ny, Equation 1

116  and the standard logistic regression model (Equation 2) for dichotomous traits

117 logit(Prob(y,; = 1)) = Crior + XriPr Equation 2

118  where X,; is the ith row of genotype matrix X, B is the vector of genetic effect-sizes,

119 ¢y is the ith row of augmented covariate matrix Cj, and «; is the vector of covariate
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120 effects including the intercept term. Let u; denote the vector of score statistics for the
121  kth study and V;, denote the variance-covariance matrix of u;, (Appendix A).

122

123  Standard Meta-analysis

124  For notation simplicity, we assume all K studies measure the same set of variants, with
125  phenotypes from the same underlying distribution. The current standard meta-analysis
126  methods typically approximate the joint score statistics (obtainable by joint analysis) by
127 u= fozl uy, V= fozl V. Equation 3
128 Under unbalanced studies, these statistics will be systematically different from those
129  obtained from the joint analysis using combined individual-level data — potentially leading
130 to substantial power loss. Instead, we derive our improved approximations for these joint
131  score statistics (u, V) directly from the statistic formulas using combined data as in joint
132 analysis.

133

134  Simplified Case without Covariates

135  First, we consider a simplified case without covariates, in which the following analytical
136 formulas (Equations 4 and 5) are derived for joint score statistics under both linear and

137  logistic regression models (Appendix B.1), in terms of the within-study score statistics

138  (uy, Vi), sample size n,, phenotype mean deviation §;, residual variance estimate EZ,

139 and MAF vector f,

140 u=Yr_up+ XK 12n8.(F — i), Equation 4
141 V = g2 [fozl [VT'Z‘] — YK an (ff — frfi)l- Equation 5
Ok
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142  Here, 6, = (%Z’,ﬁzlnkﬁ) — 7y, denotes the difference between the overall phenotype
143  mean and within-study phenotype mean; 02 = ﬁZ’,ﬁ:l[(nk — 1)82 + nk(S,f] denotes the

K
144  joint residual variance; and f = % denotes the overall MAF vector. The key
k=1"k

145 difference from the standard approach (Equation 3) is that we actually model the
146  between-study variations (second terms in Equations 4 and 5) through the phenotype
147  mean deviation §,, residual variance difference between 82 and &7, and MAF difference
148  between f, and f.

149 We note that, when the studies are balanced with samples of the same
150  population, i.e., 6, =0, 82 ~ a2, fi ~ f, Equations 4 and 5 are equivalent to the
151 standard estimates in Equation 3 and equivalent to the joint estimates. This is why the
152  standard meta-analysis methods perform as efficient as joint analysis in balanced
153 studies with samples of the same population. However, when the studies are
154  unbalanced (e.g., with case-control ratios differ greatly among studies), i.e., & # 0, (}Z *
155 o2, fr # [, the standard estimates (Equation 3) can no longer accurately approximate
156 the joint score statistics, potentially leading to substantial power loss. In contrast, our
157  meta-analysis method (using Equations 4 and 5) will be equivalent to joint analysis
158  under general settings.

159

160  General Case with Covariates

161 Second, we consider the general case with covariates in which the joint score statistic u
162 s still given by Equation 4, but the formula for the joint variance-covariance matrix V will

163  be different from Equation 5. In this case, we approximate the phenotype mean deviation
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164 by &6 =~ (%z’,gzl(nkfk))— T » Where T = —X™ i is the average of the fitted

ng
165 phenotypes in study k under the null regression models with g = 0 (Equations 1 and 2).
166 For notation simplicity, we assume all individual studies have the same set of

167  covariates. Then under the linear regression model (Equation 1), we can estimate V by

k=1 0'2

K K -1 K !
169 - < X}(Ck) <Z C;(Ck) < X;(Ck) , Equation 6
k=1 k=1 k=1

170  where the quantities of the covariate relationship matrix €, C, and genotype-covariate

. K v, K
— 2 ! ! —1 7
168 V=~ao <§ 2 + g _(xeucicn CiXk)

171  relationship matrix X}, C, need to be shared (Appendix B.2).

172 Under the logistic regression model (Equation 2), V can be estimated by
I I I -1 I ! I
173 V= Xjoq Vi + Zke MeXi X + 2kaa (X1 PiCi) (CiPiCr) (X4 PCy) — (Zio1 (X4 PrCr +

174 0 X, C)) (X (CLPrCy + AkC}(Ck))_l(fo:l(X;(I/’;Ck + AX,Cr)) Equation 7

175  where Py = diag(@; (1 — fg1), -, Brng (1 — Axmp)) denotes the diagonal matrix of
176  phenotypic variances after correcting for within-study covariates; A, = 5k(1 — 200y — dk)
177 is the average difference between P, and an analogous estimate in joint analysis. To
178  enable the calculation by Equation 7, the quantities of the genotype relation matrix X} X,
179  covariate relation matrices (C},Cy, C,P,C}), and the genotype-covariate relation matrices
180  (X,Cy, X, P,C,) need to be shared (Appendix B.2).

181

182  Adjusting for Population Stratification

183  Because our score statistic formulas (Equations 4-7) are equivalent to the analogous

184  statistics obtainable in joint analysis, the meta-analysis using our score statistic
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185 estimates is likely to subject to inflated false positive rates (as joint analysis) when
186  studies are of multi-ethnic. We note that the population stratification is reflected by the
187  between—study variances, particularly by the differences between within-study MAFs
188 and the joint MAFs, i.e., (f — fi) in Equation 4 and (ff’' — frf}) in Equation 5. The
189 standard meta-analysis methods using Equation 3 fail to model the between-study
190 variances (free of population stratification), for dropping the second terms in Equations 4
191 and 5. Therefore, when population stratification exists in the combined data, we have to
192  adjust our score statistic estimates (by Equations 4 and 5) to correct for inflated false
193  positive rates.

194 Here, we propose to normalize our within-study MAFs by regressing out the
195 population effects that can be explained by known population-specific MAFs (e.g.,
196  population MAFs from reference panels like 1000 Genome Project'’, or Biobanks'*). For
197  example, with known MAF vectors fryr, famr, farr fsas feas Of genome-wide variants
198 for European, American, African, South Asian, and East Asian populations in the 1000
199  Genome Project'’, we first fit the following linear regression model per individual study

200 using the MAFs of genome-wide variants in the reference panel
201 fr= Z Ypopfpop + & pop € (EUR, AMR, AFR, SAS, EAS).

202  Then, in Equations 4 and 5, we substitute f, by the residuals &, = fj — 2 YpopS pop» @nd

K
Yk=1"%$k
K
Zk=1 ng

203  f by the weighted residual averages . We set the corresponding elements in

204 vectors f} and f as 0 for variants absent from the reference panel or with fitted values
205 outside of the 95% predictive intervals, such that the between-study variances related to
206 these variants will not be modeled in our method. Equivalently, in Equations 6 and 7, we

207 can normalize the genotype matrix by X = X — Z(Zy’po\pfpop)]’ for variants in the
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208 reference panel, while set the genotype matrix as 0 for variants with unknown
209  population-specific MAFs or with outlying fitted values.

210

211  Practical Approach

212 Although Equations 6 and 7 enable joint-equivalent corrections for covariates in meta-
213  analysis, they are not directly applicable in practice for the difficulties of sharing the
214  quantities of X} X, (C,Cy, C;,PCy), and (X, Cy, X, P,C,). Thus, for computational
215  simplicity, we suggest using Equation 5 with phenotypes corrected for covariates within
216 individual studies under the linear regression model (Equation 1), where the
217  dichotomous traits could be treated as quantitative traits by coding cases as 1’s and
218 controls as 0’'s. The RAREMETAL software also implements this practical approach.
219 Both approaches (Equations 6 and 7 vs. Equation 5) produced nearly the same
220  association results in our simulations. For both quantitative and dichotomous studies in
221  this paper, we first corrected phenotypes within studies, and then used score statistic
222  estimates by Equations 4 and 5 for association studies (adjusting for possible population
223  stratification).

224 One key point of conducting joint-equivalent meta-analysis by our method is to
225 include the intercepts from covariate correction into the corrected phenotypes, for
226  modeling the between-study variances due to phenotype mean deviations. Otherwise,
227  the phenotype deviation §,’s will all be 0’s, and our score statistic estimates (Equation 4)
228 will be equivalent to the standard estimates (Equation 3). Another key point is to make
229 sure phenotype deviation §;’s contain no other artificial effects (e.g., batch effects,
230 effects due to different metrics or different underlying distributions across studies for
231  phenotypes), which is likely to inflate the false positive rates.

232

10
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233  Test Statistics
234  Our meta-analysis methods are based on accurately approximating the joint score

235  statistics (u, V), and properly adjusting for possible population stratification. We consider

_ (w'w)?

236  the Burden test®® with statistic Qgyrgen = — - and SKAT'™ with statistic Qsgar = u'W?u

237  as examples of gene-level tests, where w' = (w4, ..., wy,) is the variant-specific weight
238  vector, and W = diag(wy, ..., wy,) is the mxm diagonal matrix. For each variant, we take
239  the weight as “capped” beta density value w; = CBeta(f;; 0.5,0.5) with the corresponding
240 MAF f;, to avoid assigning extremely large weights for extremely rare variants
241 (Beta(f;; 0.5,0.5) > o as f; - 0). That is, with sample size n, CBeta(f;; 0.5,0.5) =
242 Beta(%; 0.5,0.5) if the minor allele count 2nf; <5, otherwise CBeta(f;; 0.5,0.5) =
243 Beta(fj; 0.5,0.5) allowing equal variance contributions from all variants.

244 Under the null hypothesis (Hy: g = 0), both Qp,rqen @and the the single-variant
2
245  score test with statistic Qgcpre = uv (here m = 1) follow a chi-square distribution with 1

246  degree of freedom (df = 1). Under the equivalent null hypothesis E(B;) = 0,Var(B;) =
247 wjzr,j =1,...,m; T = 0) for SKAT, Qgx4r asymptotically follows a mixture of chi-square
248  distributions, Y7L, A;x74r=1 » Where (x74r-,) are independent chi-square random
249  variables with df = 1, and 4;’s are nonzero eigenvalues of the variant relationship matrix
250 D =WVW.

251

252  Simulation Studies

253  To evaluate the false positive rate (type | error) and power of our meta-analysis method,

254 we conducted simulation studies in various scenarios with balanced and unbalanced

11
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255  studies, with and without population stratification, with quantitative and dichotomous
256 traits (see details of the simulation setup in Appendix C).

257 Briefly, we first simulated haplotypes of three populations (European (EUR),
258  Asian (ASA), and African (AFR)) by COSI with the well calibrated coalescent model**.
259  Then we sampled genotypes of 1x10° individuals per population with 339 variants, 96%
260 of which have MAFs <5%. Random risk regions of 100 variants were selected to
261 simulate both quantitative and dichotomous phenotypes, according to the standard linear
262 and logistic models. We simulated phenotypes under the null models (B =0) for
263  evaluating the empirical type | error, and phenotypes with half of the variants in the risk
264 regions as true causals for evaluating the power.

265 We considered meta-analysis with 5 individual studies and a total sample size
266 3,000 (Table S2), under combined scenarios of dichotomous and quantitative traits,
267 balanced and unbalanced settings, common and uncommon covariates, single and
268  multiple ethnic samples. For the balanced scenarios, each dichotomous study has 300
269 cases and 300 controls, while each quantitative study has 600 samples. For unbalanced
270  dichotomous studies, there are (60, 180, 300, 420, 540) cases and (540, 420, 300, 180,
271  60) controls, such that the individual studies have the same sample size but various
272  cases-control ratios. Unbalanced quantitative studies have sample sizes (200, 400, 600,
273 800, 1000). Two covariate scenarios were simulated: (i) common covariates for all
274  studies; (ii) different covariates among studies.

275 For the case with single-ethnic samples (i.e., without population stratification), we
276  compared our adjusted meta-analysis methods with the standard methods and the joint
277  analysis, where the results by joint analysis will serve as the golden standards. For the
278  case with multi-ethnic samples (i.e., with population stratification; with EUR samples in

279  studies 1 and 3, ASA samples in studies 2 and 4, and AFR samples in study 5), we only

12
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280  considered balanced and unbalanced dichotomous studies with common covariates
281 (Table S2). In this case, we corrected the population stratification using the population
282  MAF vectors ( frurs fasafarr ) that were calculated from 1x10°> samples of the
283  respective population. We compared our methods with the standard methods and joint
284  analysis with first 4 principle components (PCs) as additional covariates.

285

286  AMD and T2D Data

287 The study of age-related macular degeneration (AMD) by the International AMD
288  Genomics Consortium (IAMDGC)® consists of 26 individual studies with 33,976
289  European, 1,572 Asian, and 413 African unrelated samples. Variants were genotyped on
290 a customized Exome-Chip and imputed against the 1000 Genome Project Phase |
291 reference panel. Advanced AMD cases include both cases with choroidal
292  neovascularization and cases with geographic atrophy® %,

293 Three GWASs of type 2 diabetes (T2D) were considered in this paper: the
294  Finland-United States Investigation of NIDDM genetics (FUSION) study®?, METabolic
295  Syndrome In Men (METSIM) study®, and Michigan Genomics Initiative (MGI) study. We
296 analyzed 2,297 unrelated Finnish samples (1,142 cases vs. 1,155 controls) in FUSION,
297 3,340 unrelated Finnish samples (673 cases vs. 2,667 controls) in METSIM, and 16,495
298  unrelated European American samples (1,942 cases vs. 14,553 controls) in MGl.

299 For the association studies of both AMD and T2D, all participants gave informed
300 consent and the University of Michigan IRB approved our analyses.

301
302 Results

303 Empirical Type | Errors in Simulation Studies

13
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304 We repeated 2.5x107 null simulations per scenario to obtain empirical type | errors with
305 significance levels @ = 1072,107%,2.5x107¢. We showed that both Burden test and
306 SKAT — by our adjusted meta-analysis method, the standard method, and joint analysis
307 — controlled well for type | errors in all scenarios without population stratification (Figure
308 1A; Figures S2 and S3).

309 In the scenarios with population stratification, we showed that both Burden test
310 and SKAT by our method and the standard method still controlled well for type | errors
311  (Figure 1B; Figures S4 and S5(C, D, E, F)), while the tests by joint analysis with first 4
312  joint PCs as additional covariates had highly inflated type | errors (see Quantile-Quantile
313 (QQ) plots of —log10(p values) in Figure S5(A, B)). This demonstrated that the standard
314 methods were not affected by population stratification, and that our approach of
315 adjusting for population stratification successfully corrected for inflated type | errors.

316

317 Empirical Power in Simulation Studies

318 For each scenario, we repeated 10,000 simulations to obtain the empirical power that is
319 given by the proportion of simulations with p values < 2.5x107° (genome-wide
320 significance level for gene-level association tests). Here, our goal is to compare the
321 power of our adjusted meta-analysis method with the standard method and the joint
322  analysis. The power differences between Burden test and SKAT will depend on
323  simulation settings.

324 In the balanced dichotomous studies without population stratification, both
325 standard and our adjusted estimates of joint score statistics (by Equation 4) were highly
326  concordant with the golden standards obtained by joint analysis (R® >99.8%; Figure 2(A,

327 B)). In the unbalanced dichotomous studies, the standard meta estimates of score
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328  statistics (by Equation 3) scattered further from the joint score statistics (R® ~78.2%,
329  Figure 2C), while our adjusted estimates were still concordant with the joint score
330 statistics (R2 >99.8%; Figure 2D). Consequently, under balanced settings, the p values
331  of single-variant score tests by both standard methods and our adjusted methods were
332  concordant with the joint analysis results (Figure 2(E, F)). However, under unbalanced
333  settings, the p values by standard methods were less significant than joint analysis
334 results (Figure 2G), hence less significant than the results by our adjusted methods that
335  were concordant with the joint analysis results (Figure 2H).

336 With more accurate estimation for the joint score statistics, the gene-level tests
337 (i.e., Burden test and SKAT based on score statistics) by our adjusted meta-analysis
338 method are equivalent to joint analyses. This is the fundamental reason why our method
339 performs as efficiently as the joint analysis under general settings, recovering up to 69%
340 power loss caused by the standard method in unbalanced dichotomous studies with
341 common covariates (Figure 3). Similar results were obtained for scenarios with different
342  covariates (Figures S6-S8). Take the dichotomous studies with common covariates for
343  examples (Figure 3), the power by standard meta-analysis method was 0.701 for Burden
344 and 0.219 for SKAT, which were 27% and 69% less than the golden standards (0.964
345  for Burden; 0.703 for SKAT) by joint analysis (without population stratification); while the
346  results by our adjusted meta-analysis method (power 0.964 for Burden; 0.702 for SKAT)
347  were concordant with the joint analysis results.

348 In the scenarios with population stratification, the joint analysis (with top 4 PCs as
349 additional covariates) no longer provide golden standards due to highly inflated type |
350 errors (see QQ plots of —log10(p values) in Figure S5(A, B)). Hence, we only compared
351 the empirical powers by our adjusted meta-analysis method with the standard method.

352  Again, both methods had similar power in balanced dichotomous studies, while our
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353  adjusted meta-analysis method recovered up to 85% power loss by the standard method
354  in unbalanced dichotomous studies (0.898 vs. 0.302 for Burden test, Figure 3C; 0.880
355  vs. 0.126 for SKAT, Figure 3D).

356 For quantitative studies, although we simulated “unbalanced” scenarios with
357 various sample sizes, these are not really unbalanced for having about the same
358 phenotype means across individual studies (i.e., the between study variances were
359 close to 0). As a result, both our adjusted method and the standard method produced
360 equivalent results as joint analyses under all settings (Figure S9-S13).

361 In summary, the simulations showed that our adjusted meta-analysis method will
362  improve power by correctly modeling the association information in the between-study
363 variances. When the between-study variances are close to 0 as under balanced settings,
364  both our method and the standard method are equivalent to the joint analysis. When the
365 between-study variances are also subject to population stratification, our method require
366  good reference panels to correct for possibly inflated type | errors.

367

368 Real Study of AMD

369 We applied our method on the real AMD data collected by the International AMD
370  Genomics Consortium (IAMDGC)®, which has 26 individual studies with 33,976
371  European, 1,572 Asian, and 413 African unrelated samples. We treated the Asian and
372  African samples as two extra studies. First, we conducted null simulations for 2.5x107
373 times using the AMD data, by permuting the real AMD phenotypes and randomly
374  selecting genotype regions of 100 variants for Burden test and SKAT. We found that
375  both our adjusted and the standard meta-analysis methods controlled well for type |

376  errors, while joint analyses with first 4 joint PCs as extra covariates resulted inflated type
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377 | errors (Figure S14). Specifically, with significance level 2.5x107°, the joint analyses
378  (Joint_PC4) had type | errors 8.6x107° for Burden test and 9.2x107° for SKAT.

379 For valid comparisons with joint analyses, we only considered European samples
380 from the 26 unbalanced studies (Table S1) for Burden test and SKAT in 3 example AMD
381 risk genes® (CFH, CFI, TIMP3). Previous analyses by variable-threshold tests® (with
382  respective MAF thresholds 0.015%, 0.068%, 0.021% for genes CFH, CFI, TIMP3) gave
383  significant p values (< 2.5x107°) for these 3 loci. To be consistent with the previous
384  variable-threshold tests®, we only analyzed protein-altering variants
385 (imputed/genotyped) with MAFs under the corresponding thresholds (MAFs < 0.015%,
386 0.068%, 0.021%), and corrected for the same covariates — known independent
387 signals within the same locus, gender, first two principal components (calculated using
388 the combined data), and source of DNA (whole-blood or whole genome-amplified DNA).
389 Our adjusted meta-analysis method produced genome-wide significant p values
390 for genes CFH and CFI (Table 1), which were more significant than the ones by the
391 standard method. Specifically, gene CFH had genome-wide significant Burden p value
392  2.4x1077 by joint analysis, versus 2.1x107¢ by our adjusted meta-analysis method and
393 3.2x107° by the standard method (no longer genome-wide significant). Although all
394  methods obtained significant Burden p values for gene CFI, the p value by our method
395 was still more significant than the one by the standard method (3.3x1071* vs. 9.6x
396 1071%) and closer to the p value by joint analysis (8.9x1071%). Similarly, the SKAT p
397  value by standard method for gene CFI was no longer genome-wide significant (1.2x
398 107%), while the SKAT p value by our adjusted method (3.1x107%) was still genome-wide
399 significant and close to the one by joint analysis (1.9x10719).

400 Even though all approaches failed to identify the TIMP3 locus with p values

401 1.8x107° by joint Burden test and 2.6x10™* by joint SKAT, our method still produced
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402  more significant p values than the standard method (1.0x107° vs. 9.8x10~* for Burden
403  test; 7.4x1075 vs. 2.6x1073 for SKAT). Likely due to the meta-analysis errors, the
404  Burden and SKAT p values for gene TIMP3 by our method are slightly smaller than the
405 ones by joint analysis.

406 This real example of AMD study demonstrated that both our method and the
407  standard method controlled well for type | errors, and that our method outperformed the
408 standard method by correctly modeling the between-study variances under unbalanced
409  settings. Here, our method achieved the same power as the joint analysis whose results
410 serve as golden standards with single-ethnic samples.

411

412  Real Study of T2D

413 In this real example, we considered single-variant meta-analyses of three T2D GWASSs:
414  FUSION (1,142 cases vs. 1,155 controls; unrelated Finnish samples)?, METSIM (673
415 cases vs. 2,667 controls; unrelated Finnish male samples)®, and MGl (1,942 cases vs.
416 14,553 controls; unrelated European American samples). These three unbalanced
417 GWASs have various case-control ratios (0.98, 0.24, 0.13) and multi-ethnic samples
418  (Figures S15 and S16).

419 We first jointly corrected the T2D phenotypes for age, gender, body mass index
420  (BMI), and first two joint PCs, within individual studies. The reason of jointly correcting
421 the T2D phenotypes is to eliminate the possible between-study variance due to the
422  artificial effects caused by individually corrected phenotypes. Then we applied the joint
423  analysis, the standard, our joint-equivalent method (without adjustment for population
424  stratification), and our adjusted meta-analysis method with adjustment for population
425  stratification using the population-specific MAFs of EUR, AMR, AFR, SAS, EAS from the

426 1000 Genome Project'” (~500 samples per population). In the step of adjusting for
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427  population by regressing known population-specific effects (MAFs) out from the within-
428  study MAFs, the regression R® was 97.1%, 96.3%, and 99.5% for FUSION, METSIM,
429  and MGI studies, respectively. This showed that the 1000 Genome'’ might not be the
430 best reference panel for the FUSION and METSIM studies with Finnish samples, as
431  >99% regression R? is expected for a good reference panel.

432 In this study, we only analyzed 631,870 variants that were genotyped in the
433 METSIM study as an example. These analyzed variants could be either genotyped or
434  imputed to 1000 Genome Project'” or absent in FUSION (627,920 variants) and MGI
435 (631,628 variants) studies (see Manhattan plots of the individual GWASs in Figure S17).
436  As expected, the joint analysis and the joint-equivalent methods resulted inflated type |
437  errors (with inflated genomic control factors, 1;; = 1.11,1.13), because the between-
438  study variances were also subject to population stratification (see QQ plots in Figure S18
439 (A, C)). The standard meta-analysis method was not affected by the population
440  stratification for not modeling the between-study variances (15 = 1.07, Figure S18 (B)).
441  Specifically, the standard method identified three known T2D risk loci (CDKAL1 on
442 CHR6, SLC30A8 on CHR8, and TCF7L2 on CHR10)*®, while our method with
443  adjustment for population stratification identified comparable p values for signals in the
444  SLC30A8 and TCF7L2loci, more significant p value in the CDKAL1 locus, and one extra
445  potential loci ROBOZ2 on CHR3 (see Manhattan plots in Figure 4).

446 We looked into the within-study MAFs of all “genome-wide significant” variants
447  that were identified by joint analysis (Figure S19). We found that all “false positive”
448  signals by joint analysis were likely due to the big differences among the within-study
449  MAFs, while the “true” signals identified by the standard method have comparable

450  within-study MAFs. For variants whose population-specific MAFs are “accurate” from the

451 1000 Genome Project’, our adjusted method could correct for the population
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452  stratification (i.e., MAF variations due to population differences). However, if the within-
453  study MAFs were different due to mislabeled minor alleles, genotype errors, and small
454  sample sizes, our adjusting step is likely to fail. The “inaccurate” population-specific
455  MAFs from the reference panel and possible “wrong” within-study MAFs could potentially
456  cause the “inflated” genomic control factor 1;. = 1.15 with our adjusted method (Figure
457  S18 (D)).

458 This real study demonstrated the benefit of improving power by applying our
459  adjusted meta-analysis method on unbalanced studies. Further, this study showed the
460 challenges of correctly adjusting for population stratification when samples are of multi-
461  ethnic. Our method requires “accurate” within-study MAFs and “accurate” population-
462  specific MAFs from the reference panels. For cases where the adjustment of population
463  stratification is likely to fail, we suggest using the standard method to be conservative.
464

465 Discussion

466 In this paper, we propose improved formulas for accurately estimating the joint score
467  statistics in meta-analysis, which had R* >99% with the ones obtainable using individual-
468 level data under general settings. Consequently, for both single-variant score tests and
469 gene-level tests based on score statistics (e.g., Burden test and SKAT), our meta-
470  analysis method performs equivalently as the joint analysis using individual-level data
471  under general settings. Importantly, our method is applicable for both linear and logistic
472  regression models, with and without covariates. Both simulations and the real example
473  of AMD demonstrated that our method performed as efficient as the joint analysis with
474  unique-ethnic samples, substantially improving power over the standard method in

475 unbalanced studies with various case-control ratios.
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476 We further propose a novel approach to adjust for population stratification when
477  the combined samples are of multi-ethnics. Observing that the population stratification is
478  reflected by the differences of within-study MAFs in the score statistic formulas, we
479  propose to normalize population structures by regressing out the effects of known
480 population-specific MAFs (obtainable from external reference panels, e.g., 1000
481 Genome Project'” and Biobanks) from the within-study MAFs. Simulation studies with
482  “accurate” population-specific MAFs based on 10° samples showed the success of
483  adjusting for population stratification by our adjusted meta-analysis method. This
484  approach even avoids the dilemma of choosing an appropriate number of PCs as
485  additional covariates. Both simulation and real studies demonstrated that our adjusted
486 meta-analysis method controlled well for type | errors in general scenarios and gained
487  power under unbalanced settings.

488 However, there are limitations about our method. First, our method assumes that
489 the genetic effects are homogeneous across studies and the phenotypes are of the
490 same distribution. Second, our method requires that there are no artificial effects
491 involved in the between-study variances. Third, our method requires “accurate” within-
492  study MAFs and good reference panel for correctly adjusting for population stratification.
493  When the between-study variances contain information due to artificial effects or
494  population stratification, the standard method is preferred for avoiding inflated false
495  positive rates. Taking the real study of T2D as an example, we discussed the challenges
496  of correctly adjusting for population stratification in practice.

497 In conclusion, we provide improved score statistic formulas in terms of summary
498  statistics, for the analogous ones in joint analysis. These score statistics can then be
499  used to conduct both single-variant and gene-level associations studies. Through these

500 formulas, we showed that the between-study variances subject to population
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stratification (various MAFs across populations) are likely to cause inflated type | errors,
and explained why the standard method is free of effects from population stratification.
We further proposed a novel approach for adjusting population stratification using known
population-specific MAFs from reference panels. As a result, our meta-analysis
approach provides a useful framework ensuring well-powered, convenient, cross-study

association analyses.
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520 Table 1. P values of gene-level Burden test and SKAT by the standard meta-analysis method, our

521 adjusted meta-analysis method, and joint analysis.
Burden Test SKAT
Gene | Standard | Adjusted Joint Standard | Adjusted Joint

CFH | 32x1075 | 2.1x107% | 2.4x1077 | 6.1x107* | 8.4x1075 | 3.6x107°

CFlI 9.6x10710 | 33x107'* | 8.9x10715 | 1.2x107* | 3.1x107° | 1.9x10710

TIMP3 | 9.8x107™* | 1.0x107% | 1.8x1075 | 2.6x1073 | 7.4x1075 | 2.6x107*

522

523
524  Appendices

525 Appendix A: Score Statistics for an individual Study
526  For the kth sub-study, denote the mean genotype matrix by X, = 2f,J,', where f)
527  denotes the within-study MAF vector and J; denotes a n,x1 vector of 1’s. The score

528  statistic vector and corresponding variance-covariance matrix are given by
YV _\/ — r (p D I p- -1 I p
529 we = X — X' Ok — ), Vi = X, Py — PuCi(CiPrC) ™ CiPy) X,
530 where [y = (g1, - Fikny)' = Cily, Py = EZIk for quantitative traits under the standard

531 linear regression model; [, = logit™'(Cray) = m , Py =diag(@gn(1 -

532 @), ---'ﬂ/kn\k(l_ﬂknk)) for dichotomous traits under the standard logistic regression

533  model; coefficient vector &}, and residual variance EZ are estimated under the null model
534 (B, = 0); and I}, denotes a n, xn; identity matrix.

535

536  Appendix B: Score Statistics for Combined Data

537  For simplicity of notations, assume all K studies have the same set of genetic variants
538 and covariates. Let y = (3, ..., ¥x)' denotes the joint nx1 phenotype vector of K studies,
539 n=XK_.n,, X=(X],..,Xy)' denotes the joint nxm genotype matrix, and C =

540 (C3,...,Cx)' denotes the joint nx(q + 1) augmented covariate matrix. Denote the overall
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541 mean genotype matrix by X = 2fJ’, where f is the overall MAF vector and J is a nx1
542  vector of 1's. With combined data (X,y,C), the joint score statistic vector and
543  corresponding variance-covariance matrix are given by

544 u=X-X'-m, v=x(P-Pc(cPc) cP)x,

545 where fi=Ca, P= Eéln for quantitative traits under the standard linear regression
546 model; fi= (i@, ..., 1) = logit™*(C&) = 1/(1+e %) , P =diag(i7(1 — i), ..., i (1 —
547  [,)) for dichotomous traits under the standard logistic regression model; coefficient
548 vector @ and residual variance o2 are estimated under the null model B=0);1I,
549  denotes a nxn identity matrix.

550

551 Appendix B.1: Score Statistics for the Simplified Case without Covariates

552  Without covariates, for both quantitative and dichotomous traits, we have within-study

553  phenotype mean g; =y, = nikZ?jl Yki; overall phenotype mean =7y = %Z’k‘:lnkﬂ;

554  phenotype deviation &, = ¥ — yi; and i = [i; + ;. Note that X, = 2f,J,' and X = 2fJ’.

555  The joint score statistic vector is given by

K K
556 u= Z(xk -X)'(yi — i) = Z (X — Xp) — X = XI' [k — B i) — Sid k]
k=1 k=1
K
557 = Z[(Xk = X1)' Ok — i) — X = X0)' Ok — i) — Ko — X' 81 iec + (X — X3 81 i)
k=1
K
558 = Z (X — X' Ok — Tdi) + X — X' 81Jc]
k=1
K K K K
559 = Z(Xk —Xi)' i — i) + Z 216, (f — fr) = Z u + Z 26 (f = f1)
k=1 k=1 k=1 k=1

560  where JiJi = nyg, X —Xi)' i — fid i) = 2(f = fi) Uiyi — FiJiJi) = 0, and
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561  (Xp — X)) 81y = 8 (Xidx — XiJi) = 0.

562 Because C, =] in the case without covariates, the covariance matrix of the score
563 statistic can be simplified as

564 Vi = o[XiX — it Xid ) UiXi)] = o2 [Xic X — nic @ruefi) @niefi0)]

565 = 02 (X} Xy — A0y fifil

566  where EZ = ?1_12?;‘1(31“ — )2 for quantitative traits under the standard linear

567  regression model, and EZ =y, (1 — y;) for dichotomous traits under the standard

568 logistic regression model.

569  Similarly, the joint V is given by

570 V =02[X'X — 4nff'] = 62 [ZK Xi Xy - 4nff’]

k=1
571 = g2 [Zk:1(x;¢xk_4nkfkfk’) —4;nk(ff' _fkf;c)]
572 = 02| B[] - a3k - s

1

573  where g2 = — ’,ﬁzl[(nk - 1)32 + nka,f] for quantitative traits under the standard linear

574  regression model, and 62 = y(1 — ¥) for dichotomous traits under the standard logistic
575  regression model.

576

577  Appendix B.2: Score Statistics with Covariates

578 In cases with covariates, the same formula is derived for approximating the joint score

579  statistic vector u as in the simplified case (Appendix B.1) but with §;, = i — fi;, where

580 g = %Z;’;"l fir, is the average of the fitted mean py in the null model (study k); i =
k

581 %Zlk(:l(nkﬁ) is the approximated average of the fitted mean fi with combined data. Note
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582 thatpu = (i, ..., ix)', and (fi; + &) is an unbiased estimate for ;. The formulas for the
583  variance-covariance matrix ¥V will be more complicated.
584  Under the standard linear regression model (Equation 1) for quantitative traits, P =

585 021, X'X =YK _ XX, ,X'C=YK_ X,C,,C'C=3YX_, C,C,. We can write V as

586 V=cd2(X'X-XC(C'C)C'X)
~ Ko Xi Xk — X3 Cr(CLC)TICLX ] +
587 =0 e e K v (K e Lok Y
ro1 (X Cr(CLCTICLX ) — (TR X1C) (BR=1 C1Cr)  (ZR-1 X1Ch)

K Vk K ' I —1 7
=|+ (X Cr(CLCr) ™ CrXy) —
k=1 a,f k=1

K K -1 K !
(D xe) (2, _cee) (X, xic)
k=1 k=1 k=1

589 In this case, EZ ——Z X ki — Br)?* and Iy = fiy + 6, the estimate of the noise

588 = g2

590 variance in the joint model o2 = ﬁz’k‘:l Y (yri — fix,)? can be approximated by

K Nk K Nk
591 o2 ~ n—1 ZZQ’M e — 6)% = ) ZZ[(% f)? — 28k (Vi — figy) + 6F]
= 1=
1 K | "k
592 1 L Z Vi — @) = 26y Z(Ykz i) + ni S
K ng
593 Z()’kl .ukl) + (nké‘]%)
K
>94 — 1)o7 +m,52),

595  where 3* (v — fix) = (Vi — i) = 0.
596 Under the standard logistic regression model (Equation 2) for dichotomous traits, P =

597  diag(Py, ..., Px), Py = diag(fix(1 — fiy)) =~ Py + Al with
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598 A= (1= 1m0 — me(1 =) = (A + 6) (1= i — 8) — (1 — )

600 We can write V as

601 v=x'(P-Pc(cC'Pc) C'P)X = X'PX - (X'Pc)(c'PC) (C'PX)
K ~ K ~ Ko N\t Kooy
w3 (5 nna) (5w (3 sl
K —
603 ~ Z X (P + Al )Xy —
k=1

-1 ’

K K K
604 Xi(Py + AIi)Co Xi(Py + Al )Co Xi(Pi + ALy )Ce
k=1 k=1 k=1

K I I I -1 I P !
605 = XiPiXi = (XiPrCi)(CiPiCr) ~ (XicPiCr) | +
k=1

K
K - —_— !
606 Z D X)Xy + Zk_l [(X;cPka)(C;(Pka) "(X1PrCy) ] -
k=1 -

K K -1 K !
607 (Z (XiPiCy + AkX;ch)> (Z (CkPrCr + Akc;cck)> (Z (X3 PyCy + AkX;ch)>

k=1 k=1 =~
K
. ! K I B I -1 ) = ]
608 - ZHV" £ AKX+ Zk_l (X BrCi) (CePrci) " (XiPrci) | -
- k=1 =
K K 1 g ,
609 (Z(XLPAka + AkX;ch)> ( (ClPrCy + AkC;(Ck)> ( (X}, PrCy + AkX%C,{)) _
k=1 =1 —

610 To use the above formulas to estimate V, besides (Vk,Ak,EE,(Sk), the quantities of
611 X)Xy, C,,Cy, X, Cy, C},P,Cy, X}, P, C} also need to be shared from individual studies.

612

613  Appendix C: Simulation Studies

614  We first simulated a pool of 20,000 haplotypes (with length 5KB) for each of the three

615 populations, European (EUR), Asian (ASA), and African (AFR), by COSI with the well
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I**. Then we sampled genotypes of 1x10° individuals per

616 calibrated coalescent mode
617  population with 339 variants, where 96% are rare with MAFs <5%. Regions of 100
618 variants were randomly selected as risk loci to simulate phenotypes (see spectrum plots
619  of log10(MAFs) in Figure S1).

620 We simulated both quantitative and dichotomous phenotypes according to the
621 respective standard linear and logistic models (Equations 1 and 2). Under the linear
622  regression model (Equation 1), we selected residual variance o2 and effect-sizes g such

623 that a given amount of heritability was equally explained by all causal variants; under the

624  logistic model (Equation 2), we selected the intercept term subject to 1% disease

625 prevalence and the log-odds-ratios B by ( )with a given constant s. These

5
£i(1=r;)
626  parameters will be set to result in ~80% power in the simulations, and equal variance
627  contributions from all causal variants.

628 Two covariate scenarios were simulated: (i) common covariates (C;, C,) for all
629  studies; (ii) different covariates among studies — the first and third studies have single
630 covariate (C,), the third study has two covariates (Cy,C,), while the second and fifth
631 studies have three covariates (C;, C,, C3). Specifically, C; is a binary covariate generated
632  from Bernoulli(p = 0.5); C, and C; are continuous covariates generated from N(0,1).
633  The covariate coefficients were selected such that 1% phenotype variance was equally
634  explained per covariate in the linear model, i.e., (a; = 0.2), (a; = 0.141,a, = 0.071),
635 (a; =0.115,a, = a3 = 0.057), respectively for models with covariates (C,), (Cy,C5),
636  (Cy,C,, C3). The covariates coefficients were taken as 0.1 in the logistic model.

637 For each scenario, we first generated 100 sets of phenotypes and corresponding
638 covariates for all samples in the population. Then we randomly drew samples with

639  corresponding phenotypes, genotypes, and covariates from the simulated populations.
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640

641

642 Figure 1. Empirical type I errors (with significance level a = 2.5x107°) for null simulations of
643 balanced (B) and unbalanced (UB) dichotomous studies, with common covariates.

A B

a=2.5x10° a=2.5x10¢

Type | Error
Type | Error

Method ¥ Adjusted M Joint ™ Standard Method ¥ Adjusted ™ Standard
644
645 A: Scenario without population stratification; B: Scenario with population stratification.
646 “Adjusted” denotes our new meta-analysis methods; “Standard” denotes the standard meta-analysis methods;
647 and “Joint” denotes the joint analyses using combined individual-level data.
648
649
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650
651

652
653
654

Standard Meta

Figure 2. Score statistics (A, B, C, D) and -log10(p values) of the corresponding single-variant score tests (E, F, G, H), for dichotomous studies with common
covariates, without population stratification, under balanced and unbalanced settings.

B C D
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(A, B): Score statistics under balanced studies; (C, D) Score statistics under unbalanced studies;
(E, F): -log10(p values) of single-variant score tests under balanced studies; (G, H) -log10(p values) of single-variant score tests under unbalanced studies.

“Standard Meta” denotes the standard meta-analysis methods; “Adjusted Meta” denotes our new meta-analysis methods.
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655 Figure 3. Power comparisons of meta-Burden test and meta-SKAT, for balanced (B) and unbalanced (UB)
656 dichotomous studies with common covariates.

A B

Method ™ Adjusted M Standard Method ™ Adjusted ® Standard

657

658 (A, B): Without population stratification;

659 (C, D): With population stratification.

660 “Adjusted” denotes our new meta-analysis methods; “Standard” denotes the standard meta-analysis methods;
661 and “Joint” denotes the joint analyses using combined individual-level data.

662

663

664

665
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666 Figure 4. Manhattan plots of meta GWASs of type 2 diabetes, by standard method (A) and our adjusted
667  method (B).
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668 “Standard Meta” denotes the standard meta-analysis methods; “Adjusted Meta” denotes our new meta-analysis
669 methods.
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