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Supplementary Table 1 Brief summary of the methods applied to simulated and real data sets.

Method

Description and properties Reference

PHENIX Bayesian multivariate mixed model fitted via variational Bayes.

MICE Multivariate imputation by chained equations.

Supplementary Table 2 The imputation accuracies of different methods with different sample size.

Sample size
100 300 500 700 900 1100
Imputation Imputation Imputation Imputation Imputation Imputation
accurac accurac accurac accurac accurac accurac

Method

PHENIX 0.397630.0057  0.576040.0025  0.617840.0020  0.6367+40.0019  0.644540.0016  0.652640.0015

MICE  0.25954).0053  0.434940.0032  0.455440.0026  0.467940.0024  0.4684#40.0023  0.470520.0021



30  Supplementary Table 3 The imputation accuracies of different methods with different heritability.

Heritability
Method 0.1 _ 0.2 _ 0.4 _ 0.6 _ 0.8 _ 1.0 _
Imputation Imputation Imputation Imputation Imputation Imputation
accuracy accuracy accuracy accuracy accuracy accuracy
PIXANT 0.7785#0.0012 0.705040.0017 0.633440.0021 0.63314).0021 0.704340.0017 0.9160+0.0008
PHENIX 0.766540.0012 0.6925+0.0016 0.6185+0.0019 0.617740.0019 0.690240.0016 0.911240.0007
missForest 0.554940.0018 0.4999+0.0020 0.435340.0021 0.434049.0020 0.496349.0020 0.6091+40.0017
MICE 0.647940.0017 0.548740.0022 0.455740.0025 0.459640.0025 0.5436+0.0021 0.9116+0.0011
LMM 0.028040.0023 0.047640.0023 0.075740.0026 0.097140.0028 0.114640.0030 0.128440.0031
31
32
33
34  Supplementary Table 4 The imputation accuracies of different methods with different number of phenotypes.
Phenotype number
Method 20 _ 40 _ 60 _ 80 _ 100_ 120_
Imputation Imputation Imputation Imputation Imputation Imputation
accuracy accuracy accuracy accuracy accuracy accuracy
PIXANT 0.225140.0048 0.32860.0028 0.405340.0023 0.468640.0018 0.523349.0017 0.572640.0015
PHENIX 0.237540.0047 0.327540.0029 0.395140.0024 0.455540.0019 0.506540.0017 0.555440.0014
missForest 0.185440.0048 0.252740.0032 0.287440.0025 0.313440.0021 0.332049.0018 0.347440.0018
MICE 0.084740.0043 0.1585+0.0033 0.231040.0024 0.299740.0021 0.365240.0021 0.429940.0017
LMM 0.100249.0044 0.098740.0034 0.0975+0.0026 0.096749.0024 0.097049.0022 0.0973+0.0020

35
36



37

38  Supplementary Table 5 The imputation accuracies of different methods with different sample relatedness.

Sample relatedness

Method 0.02 _ 0.2 _ 0.4 _ 0.6 _ 0.8 _ 0.9 _
Imputation Imputation Imputation Imputation Imputation Imputation
accuracy accuracy accuracy accuracy accuracy accuracy
PIXANT 0.633140.0021  0.6731#0.0021  0.721240.0024  0.774940.0024  0.8413#0.0021  0.886240.0017
PHENIX 0.6177#0.0019  0.662040.0020  0.713440.0024  0.770140.0025  0.838640.0022  0.883840.0017
missForest 0.433840.0020  0.504340.0025  0.5881#0.0034  0.6700#0.0036  0.751240.0033  0.793240.0030
MICE  0.459640.0025  0.505740.0027  0.5681+40.0032  0.642640.0034  0.739530.0032  0.810840.0026
LMM 0.097140.0028  0.335440.0042  0.476940.0048  0.5859+40.0049  0.678740.0046  0.721140.0043
39
40
41
42  Supplementary Table 6 The comparison of runtime (in hours) and memory usage (MB) of PHENIX and PIXANT for different sample size.
. Runtime (h) Memory usage (MB)
Samplesize “orENIX  PIXANT PHENIX _ PIXANT
1000 0.06 0.04 670.49 1.71
5000 0.60 0.08 194251 2.23
10,000 2.02 0.15 3627.67 2.60
15,000 4.44 0.23 5435.97 3.87
20,000 7.38 0.29 8052.91 5.12

43 Note: Computing performance tests were performed in a Red Hat Enterprise Linux sever with 2.20 GHz Intel(R) Xeon(R) Silver 4114 CPU, and 125 GB memory.
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Supplementary Table 7 The comparison of runtime (in hours) and memory usage (MB) of PHENIX and PIXANT for different number of
phenotypes.

Runtime (h) Memory usage (Mb)
PHENIX PIXANT PHENIX PIXANT

Phenotype number

15 1.90 0.11 889.99 2.90

25 1.95 0.14 2926.26 3.44

Note: Computing performance tests were performed in a Red Hat Enterprise Linux sever with 2.20 GHz Intel(R) Xeon(R) Silver 4114 CPU, and 125 Gb memory.

Supplementary Table 8 Genome wide Significant Associations of extra Single Nucleotide Polymorphisms (SNPs) with Heart rate and Direct
bilirubin.

Trait GWAS site Lead SNP Position

P-value

unimputed/imputed Gene (Distance, bp)

Heart rate chr11:61057803-62057803 rs102275 61557803 3.11E-05/1.07E-13 FADS2® (2649), FADS1'%1! (9296)

Heart rate chr12:33033374-34033374 rs10732554 33533374 2.05E-06/1.13E-24 SYT107%013 (0)

Heart rate chr3:49038799-50038799 rs11130199 49538799 0.000117932/1.42E-08 DAG12 (0)

HCN4%101314 (1250), NEO13+3
65308

Heart rate chr15:73162855-74162855 rs11630367 73662855 3.39E-06/2.30E-22

Heart rate chr12:19968094-20968094 rs12581906 20468094 0.002775923/1.47E-08 PDE3A3 (54085)



CD46%10 (55962), CD345:11

Heart rate chrl:207524820-208524820  rs12731740 208024820 1.83E-05/1.60E-20 32774). PLXNA2'8(170767

Heart rate chr2:219799018-220799018  rs13386459 220299018  0.004147206/1.58E-09 SPEGS (550)

Heart rate chrl:216231498-217231498  rs17668665 216731498  0.022556358/4.57E-08 ESRRG!#202 (0)

Heart rate chr7:115933527-116933527 rs193688 116433527  0.008190843/3.83E-08 CAV2'? (284932)

Heart rate chrl2:1678661- 2678661 rs2238018 2178661 0.000261796/2.92E-13 CACNALCE (0)

Heart rate chr3:49674197-50674197 rs2624847 50174197 0.005074611/5.17E-10 GNAI2%* (89527)

Heart rate chr11:128268938-129268938  rs2846700 128768938 3.52E-05/6.03E-11 KCNJ58 (0)

Heart rate chr6:7043468-8043468 rs3823183 7543468 0.04158108/7.49E-08 DSP?>27(0)

Heart rate chr4:148474602-149474602 rs6845865 148974602  0.001566177/1.73E-11 NR3C2332 (25311)

Heart rate chr18:33706449-34706449 rs79026601 34206449 0.011565212/1.55E-08 FHOD3® (0)

Direct bilirubin ~ chr2:211040507-212040507 rs1047891 211540507 6.09E-05/1.90E-09 CPS1%(0)

Direct bilirubin chr1:55005647-56005647 rs11591147 55505647 6.84E-06/3.18E-10 PCSK9%-38(0)



Direct bilirubin ~ chr4:144420596-145420596 rs7683365 144920596 1.10E-05/7.08E-08 GYPB*(0)

Direct bilirubin ~ chr10:113413222-114413222  rs2297991 113913222 1.19E-07/5.36E-08 GPAM?3®42(()

Direct bilirubin chr22:36969591-37969591 rs4820268 37469591 8.75E-07/2.48E-15 TMPRSS6445(0)
49 Note: A genome-wide significance threshold (a = 0.05 / 563,675; P < 8.87E-08).
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