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Phenotyping and mapping ICD-10/9 to phecode
ICD-9/10 codes were organized in a hierarchical tree-like structure. The individual ICD-9/10 codes could
not be directly used for PheWAS analysis, because they were not designed for representing distinct disease
phenotypes. To aggregate the billing codes, the phecode schema has been successfully adopted in a number
of PheWAS to combine one or more individual ICD codes into distinct phenotype groups.1 2 However, since
the current version of phecode was developed based on ICD-9-Clinical Modification (CM), the phencode
algorithm was not directly applicable to the ICD-10 coding system in the UK Biobank. To develop an
aggregation method for PheWAS analysis in UK Biobank, we collaborated with the Electronic Medical
Records and Genomics (eMERGE) group of Vanderbilt University Medical Center and mapped ICD-10
codes to phecodes in both direct and indirect ways. We mapped the ICD-10 codes to phecodes directly if
their descriptions matched each other regardless of capitalization. Otherwise, we used the unified medical
language system (UMLS) to map the ICD-10 code to ICD-9-CM (or map the ICD-10 code to systematized
nomenclature of medicine clinical terms [SNOMED CT] code first and then to ICD-9-CM) and then used
the previous mapping of ICD-9-CM to phecode to finally link the ICD-10 to phecode. The ICD-9 codes in
UK Biobank were directly mapped to the phecodes through the first fourth or full digital codes or through
the descriptions regardless of capitalization.
MR IVW, MR Egger and HEIDI test
MR IVW For each independent genetic instrument 𝑖, the causal effect of SUA level on the disease outcome
(denoted as 𝑏𝑥𝑦(𝑖) ) was estimated by the ratio method, in which the coefficient from the regression of
outcome on the genetic variant (using individual-level data from the UK Biobank and denoted as 𝑏𝑧𝑦(𝑖) ) was
divided by the coefficient from the regression of SUA level on the genetic variant (using the summary-level
GWAS data made available by Kottgen et al and denoted as 𝑏𝑧𝑥(𝑖) ).3 The overall causal effect of SUA level
on the outcome mediated by all 31 genetic instruments was estimated by pooling the individual effect
estimates of each SNP using the IVW method.4
MR Egger Briefly, instead of assuming that the genetic instruments are only associated with SUA level (no
pleiotropy criterion of MR), the MR Egger uses a weighted linear regression to regress the effect estimates
of SNP-outcome associations against the effect estimates of SNP-SUA associations with the intercept
unconstrained. The unconstrained intercept represents the average pleiotropic effects across the genetic
variants (with a zero intercept indicating that there are no direct pleiotropic effects or the pleiotropic effects
are balanced among the multiple genetic instruments). The slope coefficient from the MR Egger regression
represents the overall estimate of the causal effect after accounting for the pleiotropic effects of multiple
genetic instruments.5
HEIDI test The HEIDI test was firstly proposed by Zhu and colleagues 6, but the principle of this test can
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be broadly applied to any pair of traits. The rationale and mathematical theories of this metric are explained
elsewhere in detail. 6 The HEIDI method assumes only one causal variant affected both the SUA level and
disease outcome (via either vertical pleiotropy [including causality] or horizontal pleiotropy) within a genetic
region. If we denote the 𝑏𝑧𝑥 as the effect estimate of genetic variant on SUA level, and 𝑏𝑧𝑦 as the effect
estimate of genetic variant on disease outcome, the effect estimate of SUA level on disease outcome mediated
by genetic component could be calculated by the ratio method:
𝑏𝑥𝑦 =

𝑏𝑧𝑦
𝑏𝑧𝑥

If we subscribe the casual variant as 𝑆𝑁𝑃0, under the Hardy-Weinberg equilibrium, for any 𝑆𝑁𝑃𝑖 in LD with
the causal variant, the effect estimate 𝑏𝑥𝑦(𝑖) calculated by the ratio method should be identical to 𝑏𝑥𝑦(0) :
𝑏𝑥𝑦(𝑖) =

𝑏𝑧𝑦(𝑖) 𝑏𝑧𝑦(0) 𝑟0𝑖 √h0 /ℎ𝑖 𝑏𝑧𝑦(0)
=
=
= 𝑏𝑥𝑦(0)
𝑏𝑧𝑥(𝑖) 𝑏𝑧𝑥(0) 𝑟0𝑖 √h0 /ℎ𝑖 𝑏𝑧𝑥(0)

where 𝑟0𝑖 is the LD correlation between the casual variant SNP (0) and SNP (𝑖), and ℎ0/𝑖 is determined by
the allele frequency (ℎ = 2𝑝(1 − 𝑝)). Thus testing linkage against pleiotropy was equivalent to testing if
there was any heterogeneity between 𝑏𝑥𝑦(0) and 𝑏𝑥𝑦(𝑖) . If we defined
𝑑𝑖 = 𝑏𝑥𝑦(𝑖) − 𝑏𝑥𝑦(0)
then it was equivalent to testing if 𝑑𝑖 = 0.
With the matrix of any pair of SNPs(𝑖, 𝑗) , the covariance could be calculated by
𝑐𝑜𝑣(𝑏𝑥𝑦(𝑖) , 𝑏𝑥𝑦(𝑗) ) =

𝑟𝑖𝑗
𝑟𝑖𝑗
1
− 2
)
√𝑣𝑎𝑟(𝑏𝑧𝑦(𝑖) )𝑣𝑎𝑟(𝑏𝑧𝑦(𝑗) ) + 𝑏𝑥𝑦(𝑖) 𝑏𝑥𝑦(𝑗) (
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𝑏𝑧𝑥(𝑖) 𝑏𝑧𝑥(𝑗)
𝑧𝑧𝑥(𝑖) 𝑧𝑧𝑥(𝑗) 𝑧𝑧𝑥(𝑖)
𝑧𝑧𝑥(𝑗)

𝑐𝑜𝑣(𝑑𝑖, 𝑑𝑗 ) = 𝑐𝑜𝑣(𝑏𝑥𝑦(𝑖) , 𝑏𝑥𝑦(𝑗) ) − 𝑐𝑜𝑣(𝑏𝑥𝑦(𝑖) , 𝑏𝑥𝑦(0) ) − 𝑐𝑜𝑣(𝑏𝑥𝑦(𝑗) , 𝑏𝑥𝑦(0) ) + 𝑣𝑎𝑟(𝑏𝑥𝑦(0) )
Then, we calculated the Z values of 𝑑𝑖
𝑧𝑑(𝑖) = 𝑑𝑖 /√𝑣𝑎𝑟(𝑑𝑖 )
Under the null hypothesis, where 𝑑𝑖 = 0, we have a vector of 𝑧𝑑 value that follows the multivariate normal
distribution (approximated by the Satterthwaite method) with 𝑧𝑑 ~ MVN (0, R), where R is the correlation
matrix with the ijth element
𝑟(𝑧𝑑(𝑖) , 𝑧𝑑(𝑗) ) = 𝑐𝑜𝑣(𝑑𝑖 , 𝑑𝑗 )/√𝑣𝑎𝑟(𝑑𝑖 )𝑣𝑎𝑟(𝑑𝑗 )
The HEIDI statistics was calculated as
𝑚

𝑇𝐻𝐸𝐼𝐷𝐼 = ∑ 𝑧𝑑2(𝑖)
𝑖

with 𝑚 being the number of SNPs associated with SUA level with p<1.57e-03 (equivalent to 2 >10).
In the analysis, we defined a region of ±250kb (upstream and downstream) around the locus associated with
SUA level. For each locus, we calculated the HEIDI statistic only including SNPs that were associated with
SUA level at p<1.57e-03 (equivalent to 2 >10) in order to avoid very weak instruments and to increase the
power. The larger the heterogeneity, the smaller the HEIDI’s P-value, and the higher the probability of
association is caused by LD. The pattern of regional genetic association with SUA level and disease outcome
was visualized by the LocusZoom.7
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