
Supplementary Note

1 Regression model to estimate genetic covariance
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Here, YT is the genotype matrix of the samples exclusively included in study 2, i.e., YT consists
of the last n2 − ns rows of Y . We continue the derivations:
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2 Regression weights

The weights in GENJI’s regression are given by the reciprocal of the variance of XT
i z2φ1i. We
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We calculate the expectations of all the terms above and sum them up:
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Thus, after plugging these results in, we have
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