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Supplementary Figure 1: Extended simulation results.
Each of the four panels has 10 predictors. For all predictors the correlation between simulated and estimated

effect sizes are shown in the left half and the correlation between simulated genetic value and genetic predictor
are shown in the right half. Predictors are ordered as follows: 1 to 3, predicting trait 1, while training on trait 1
(1: GWAS, 2: BLUP, 3: SBLUP); 4 to 6, predicting trait 2, while training on trait 2 (4: GWAS, 5: BLUP, 6: SBLUP);
predicting trait 1, while training on trait 1 and 2 (multi trait predictor; 7: wMT-GWAS, 8: wMT-BLUP, 9: MT-BLUP,
10: wMT-SBLUP).
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Supplementary Figure 2: Theoretically derivedweights vs optimalweights in a small-scale simulation
setup under a range of different parameters.

Two genetically correlated phenotypes were simulated under different values of h2 (SNP heritability), rG
(genetic correlation), N (sample size) and M (number of markers). For each combination of parameters we
calculated weights using Eq. [15] (red bars) and using the approximation wk = rGk,f

√
h2
kNk for focal trait f and

additional traits k, which assumes that the SNP effects of each trait k have equal variance (blue bars). For each
parameter combination we replicated simulations 50 times and determined the weight ratio which resulted in
the highest prediction accuracy (box plots and black dots). This confirms that the weights in Eq. [15] result in
the highest prediction accuracy.
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Supplementary Figure 3: Comparison of differentmethods for fitting linkage disequilibrium in simulations.
SBLUP assumes an infinitesimal model, while the spike-and-slab model underlying LDpred is more general.

Along the x-axis are different values for the LDpred parameter that specifies the fraction of causal markers.
As our simulations are based on only 2000 causal markers, lower values for this parameter can lead to higher
prediction accuracies. The SBLUP accuracy values shown here are the same as the SBLUP and wMT-SBLUP
genetic value correlations with normal genotypes in Figure S1. In contrast to Figure S4, where the window size
included all SNPs, window size here is restricted to 2000 kb for SBLUP or 333 SNPs for LDpred. Despite the
approximate equivalence of these numbers, the window size restriction leads to a greater difference between
the SNP effect estimates between SBLUP and LDpred-Inf than when window size is unrestricted for both
methods.
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Supplementary Figure 4: Comparison of the accuracy of different methods to estimate simulated
SNP effects.

Blue line: GWAS effect estimates (univariate OLS). Green line: BLUP estimates. Pink line: SBLUP estimates
as a function of λ. Purple line: LDpred-inf estimates as a function of λ (where λ is calculated as M

h2 ). Simulations
are based on 20,000 individuals. 1000 SNPs from chromosome 22 were used so that the LD window included
all SNPs. In (a) the external reference for SBLUP / LDpred-Inf is the same dataset as the genotypes which
were used for simulation. Choosing an LD reference dataset which is different from the genotypes used for
simulation (b) lowers prediction accuracy and increases the optimal value of λ.
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Supplementary Figure 5: Prediction accuracy for schizophrenia in each schizophrenia cohort using
single-trait and multi-trait, GWAS (blue) and SBLUP (purple) predictors.

Each point along the x-axis represents a different multi-trait predictor with a different mixing proportion
of schizophrenia and bipolar disorder data, corresponding to different weights. Dotted vertical lines indicate
weights according to Eq. [15], and dotted horizontal lines indicate wMT-SBLUP prediction accuracy at these
weights. If this prediction accuracy is higher than the single-trait prediction accuracy on the left hand side, the
multi-trait predictor improves upon the single-trait predictor. The difference between single-trait andmulti-trait
accuracy (Δρ) is visualized by green or red lines and printed in each panel.
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Supplementary Figure 6: Prediction accuracy for bipolar in each bipolar cohort using single-trait and
multi-trait, GWAS (blue) and SBLUP (purple) predictors.

Each point along the x-axis represents a different multi-trait predictor with a different mixing proportion
of schizophrenia and bipolar disorder data, corresponding to different weights. Dotted vertical lines indicate
weights according to Eq. [15], and dotted horizontal lines indicate wMT-SBLUP prediction accuracy at these
weights. If this prediction accuracy is higher than the single-trait prediction accuracy on the left hand side, the
multi-trait predictor improves upon the single-trait predictor. The difference between single-trait andmulti-trait
accuracy (Δρ) is visualized by green or red lines and printed in each panel.
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Supplementary Figure 7: Prediction accuracy difference between SBLUP predictors and wMT-SBLUP
predictors, summarized over all cohorts.

A summary over all cohorts shown in Supplementary Fig. S4 and S5. The y-axis now shows accuracy
difference rather than absolute accuracy. For each weighting there is a distribution of prediction accuracy
improvement (correlation single-trait predictorminus correlationmulti-trait predictor) across all cross-validation
iterations. The quantiles of this distribution are shown in shades of blue and the white line represents the
median. The vertical line represents the weights derived from Eq. [15].
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Supplementary Figure 8: Genetic correlation estimates between 34 traits.
LD score regression was used to estimate the genetic correlation based on summary statistics for each trait.

Empty circles indicate a genetic correlation p-value lower than 0.05, filled circles indicate a genetic correlation
p-value smaller than the Bonferroni threshold 0.05 / 561 = 8.91e-05. Traits are ordered according to hierarchical
clustering based on the absolute value of genetic correlation estimates. Summary statistics were obtained
from various sources, for details see Supplementary Table S1.
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Supplementary Figure 9: Prediction accuracy for single-trait andmulti-trait predictors in UK Biobank
traits.

Prediction accuracy is shown as a correlation of genetic predictor and the phenotype for six traits in the UK
Biobank for multi-trait predictors (light blue bars, wMT-OLS) and single-trait predictors (coloured bars show the
SBLUP predictors for the traits as described in the x axis). Black bars show the correlation coefficient standard
error. The multi-trait predictors for each trait are composed of all traits for which colourful bars are shown
(rG p-value < 0.05). Smaller bars on the right show, from top to bottom, sample size, SNP-heritability, rG, and
weights (given by Eq. [15]) for each trait.
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Supplementary Figure 10: Prediction accuracy for single-trait trait predictors in UK Biobank traits,
using LDpred and using SBLUP to model LD.

Prediction accuracy for six traits in the UK Biobank for single-trait predictors generated from LDpred with
different parameters for fraction of causal SNPs and generated from SBLUP. Only in diabetes does modelling a
genetic architecture with fewer causal SNPs lead to a small improvement over SBLUP.
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Supplementary Figure 11: Prediction accuracy for multi-trait trait predictors in UK Biobank traits,
using LDpred and using SBLUP to model LD.

Prediction accuracy for six traits in the UK Biobank for multi-trait predictors generated from LDpred with
different parameters for fraction of causal SNPs and generated from SBLUP. The patterns for the multi-trait
prediction accuracies closely follow those of the single-trait prediciton accuracies for the different methods
and paramters.



Supplementary Tables

Trait h2 SE Median N PMID UKB matched UKB N
ADHD 0.17 0.1 5422 20732625
BMI 0.14 0.01 233723 25673413 bmi 112027
Agreeableness 0.02 0.02 17375 21173776
Alzheimers 0.05 0.03 54162 24162737
Autism 0.41 0.05 10610 23453885

Bipolar 0.27 0.02 29031 24280982 mania/bipolar disorder/
manic depression 301

Birth Length 0.17 0.02 22145 25281659
Birth Weight 0.11 0.02 26836 23202124
Childhood Obesity 0.42 0.05 13848 22484627
Conscientiousness 0.08 0.03 17375 21173776
CAD 0.07 0.01 184305 21378990 angina 3847
Crohn’s disease 0.52 0.06 20883 26192919
Education Years 0.11 0.01 216772 23722424
Smoking 0.08 0.01 74035 20418890
Extraversion 0.03 0.03 17375 21173776
Glucose 0.15 0.03 38422 22581228
Insulin 0.1 0.02 33823 22581228
Head Circumference 0.21 0.05 10761 22504419
Height 0.35 0.02 252190 20881960 height 112147
Inflammatory Bowel Disease 0.35 0.04 34652 26192919

IQ 0.19 0.03 17989 23358156 fluid_intelligence
_score 36093

Depression 0.18 0.03 16610 23453885 depression 4698
MND 0.04 0.02 36052 27455348
Neuroticism 0.04 0.01 63661 25993607
Openness 0.11 0.03 17375 21173776
Osteoporosis Femur 0.13 0.02 49988 26367794
Pubertal Growth 0.44 0.05 13955 23449627
Rheumatoid Arthritis 0.23 0.06 25500 20453842
Schizophrenia 0.25 0.01 150064 25056061 schizophrenia 131
Tanner 0.12 0.05 9915 24770850
Triglycerides 0.27 0.06 90981 20686565
Diabetes 0.09 0.01 63390 22885922 diabetes 4978
Ulcerative Colitis 0.27 0.04 27432 26192919
Waist Hip Ratio 0.09 0.01 142471 25673412

Supplementary Table 1: LD score regression h2 estimates, sample size and matched phenotypes
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