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Evidence suggests that donor/recipient (D/R) 

matching in some genetic regions may impact 

transplant outcomes1,2. Most available matching 

scores account for single-nucleotide polymorphism 

(SNP) matching only or matching across a long 

range of different gene regions, making it hard to 

interpret association findings. In this work, we 

propose a multi-marker method, the Joint Score Test 

(JST), to jointly test for association between R 

genotype SNP effects and a gene-based matching 

score with transplant outcome. Additionally, we use a 

penalized testing method to test for association of a 

gene-based matching score with transplant outcome 

while adjusting for possible R genotype SNP effects.

GLM for outcome 𝑌𝑖 𝑖 = 1,… , 𝑛 :

𝑔 𝜇 = 𝛼0 +𝑾𝒊𝜶 + 𝑿𝒊𝜷 + 𝑍𝑖𝛾

• 𝑔(): link function

• 𝜇 = 𝐸 𝑌

• 𝑾𝒊 = (𝑊𝑖1, … ,𝑊𝑖𝐾): vector of K covariates for D/R 

pair i

• 𝑿𝒊 = (𝑋𝑖1
𝑅 , … , 𝑋𝑖𝑚

𝑅 ): R genotype vector of m SNPs 

for recipient i

• 𝑍𝑖: single, gene-based genetic matching score 

value for D/R pair i

Null hypotheses of interest:

𝐻0: 𝜷 = 0 and 𝛾 = 0
and

𝛾 = 0

Gene Based Scores:

𝑍𝑖 = σ𝑗=1
𝑚 𝐷(𝑋𝑖𝑗

𝐷, 𝑋𝑖𝑗
𝑅), 

where 𝐷(𝑋𝑖𝑗
𝐷, 𝑋𝑖𝑗

𝑅) is a measured distance between 

the D and R genomes 

Distance Measures:

Allogenomics Mismatch Score3

𝐷𝐴𝑀𝑆 = ෍

𝑎 ∈ 𝑋𝑖𝑗
𝐷

ቊ
0 if 𝑎 ∈ 𝑋𝑖𝑗

𝑅

1 otherwise

Where a denotes alleles of a genotype

Binary Mismatch Score4

𝐷𝑀𝑀 = ቊ
1 if ∃ 𝑎 ∈ 𝑋𝑖𝑗

𝐷 such that 𝑎 ∉ 𝑋𝑖𝑗
𝑅

0 otherwise

IBS Mismatch Score

𝐷𝐼𝐵𝑆 = |𝑋𝑖𝑗
𝐷 − 𝑋𝑖𝑗

𝑅 |

Incompatibility Score

𝐷𝐼𝑛𝑐𝑜𝑚𝑝 = ቊ
1 if𝑋𝑖𝑗

𝐷 ≠ 𝑋𝑖𝑗
𝑅

0 otherwise

Joint Score Test (JST)

• Ƹ𝑝1 𝑾𝒊 ≡ 𝑝(𝑌𝑖 = 1|𝑾𝒊; ො𝛼0; ෝ𝜶): predicted probability 

of 𝑌𝑖 = 1 based on the null model:

𝑙𝑜𝑔𝑖𝑡 𝑃𝑟(𝑌𝑖 = 1) = 𝛼0 +෍

𝑘=1

𝐾

𝑊𝑖𝑘𝛼𝑘 ≡ 𝛼0 +𝑾𝒊𝜶

• ො𝛼0 and ෝ𝜶: maximum likelihood estimates of 𝛼0 and 
𝜶

• ෠𝑋𝑖𝑗: fitted value from 𝑋𝑖𝑗 = 𝜃0 + σ𝑘=1
𝐾 𝑊𝑖𝑘𝜃𝑘

• መ𝑍𝑖: fitted value from 𝑍𝑖 = 𝜏0 + σ𝑘=1
𝐾 𝑊𝑖𝑘𝜏𝑘

• Weights for above models are Ƹ𝑝1 𝑾𝒊 {1 −
Ƹ𝑝1 𝑾𝒊 } for R i or D/R pair i

• Define 𝑩𝒊 = (𝑿𝒊, 𝑍𝑖) and ෡𝑩𝑖 = (෡𝑿𝒊, መ𝑍𝑖)

• 𝑼 = 𝑩− ෡𝑩 {𝒀 − ෝ𝒑𝟏}, where 𝑼 is the vector of 

likelihood score statistics for all R SNPs and the 

matching score

• 𝑼 is asymptotically distributed as 𝓝𝒎+𝟏 (𝟎, 𝑽)

• Construct Hotelling’s T2 statistic as

𝑛𝑼′෡𝑽−𝟏𝑼 ~ 𝝌𝒎+𝟏
𝟐

• Can improve power for large m by eliminating ෡𝑽−𝟏

• 𝑽 = 𝑽𝑹 𝑪𝑹𝑺

𝑪𝑺𝑹 𝑉𝑆 =
𝑉𝑎𝑟(𝑼𝑹) 𝐶𝑜𝑣(𝑼𝑹, 𝑈𝑆)

𝐶𝑜𝑣(𝑈𝑆, 𝑼𝑹) 𝑉𝑎𝑟(𝑈𝑺)

• JST is based on Eigen decomposition of 𝑽𝑹

• 𝑨 = 𝒂𝟏, 𝒂𝟐, … , 𝒂𝒎 :  𝑚 ×𝑚 matrix of eigenvectors 

of ෡𝑽𝑹 with eigenvalues 𝜆1, 𝜆2, … , 𝜆𝑚 , 𝜆1 ≥ ⋯ ≥ 𝜆𝑚
• Extract first 𝑠 < 𝑚 PCs, 𝑨𝒔 = [𝒂𝟏, 𝒂𝟐, … , 𝒂𝒔]

• Define 𝑼𝑷𝑹 : vector of  𝑼𝑹′𝑎𝑙/ 𝜆𝑙, 𝑙 = 1,2,… , 𝑠

• JST is constructed as

𝑼𝑷𝑹

𝑈𝑆

𝑇 𝐼𝑠×𝑠 𝐶𝑜𝑣(𝑼𝑷𝑹, 𝑈𝑆)

𝐶𝑜𝑣(𝑈𝑆, 𝑼𝑷𝑹) 𝑉𝑎𝑟(𝑈𝑆)

−1
𝑼𝑷𝑹

𝑈𝑆

• JST is asymptotically distributed as 𝝌𝒔+𝟏
𝟐

Penalized Score Test5

• Define 𝑿∗ = 𝟏,𝑾,𝑿, 𝑍 , 𝑛 × 𝑝 matrix,             

(𝑝 = 𝑘 +𝑚 + 2)

• 𝝎 = {𝛼0, 𝜶, 𝜷. 𝛾}, p-dimensional vector

• PDF of Y in exponential form:

exp
𝑌𝑖𝑿𝒊

∗𝝎− 𝑏(𝑿𝒊
∗𝝎)

𝜙0
𝑐(𝑌)

• General null hypothesis: 

C𝝎𝟎,𝑴 = 𝒕

• Our null hypothesis: 𝝎𝟎,𝑴 = 0, where 𝝎𝟎,𝑴 = 𝛾

• Partially penalized likelihood function:

𝐿𝑛 𝝎, 𝜆 =
1

𝑛
෍

𝑖=1

𝑛

𝑌𝑖𝑿𝒊
∗𝝎− 𝑏 𝑿𝒊

∗𝝎 − ෍

𝑗 ∉𝑀

𝑝𝜆(|𝜔𝑗|)

• 𝑝𝜆(): penalty function with tuning parameter 𝜆

• Estimates of 𝝎 under 𝐻0 and 𝐻𝑎:

ෝ𝝎𝟎 = arg max
𝝎

𝐿𝑛 𝝎, 𝜆𝑛,0 subject to 𝝎𝟎,𝑴 = 𝟎,

ෝ𝝎𝒂 = arg max
𝝎

𝐿𝑛 𝝎, 𝜆𝑛,𝑎 .

• Forced penalties for {𝛼0, 𝜶} to be 0 so only 

elements of 𝜷 were penalized

• Penalized score test statistic (𝑇𝑆)

{𝒀 − 𝝁(𝑿∗ෝ𝝎𝟎)}
𝑇
𝑿∗

𝑀

𝑿∗
መ𝑆0

෡𝛀0

𝑿∗
𝑀

𝑿∗
መ𝑆0

𝑇

𝒀 − 𝝁 𝑿∗ෝ𝝎𝟎 / ෡𝜙,

• መ𝑆0 = 𝑗 ∈ 𝑀𝐶: ෝ𝜔0,𝑗 ≠ 0

• ෡𝛀0 =

𝑛
𝑿𝑀
∗𝑇𝚺(𝑿∗ෝ𝝎𝟎)𝑿𝑀

∗ 𝑿𝑀
∗𝑇𝚺(𝑿∗ෝ𝝎𝟎)𝑿

∗
መ𝑆0

𝑿∗𝑻
መ𝑆0
𝚺(𝑿∗ෝ𝝎𝟎)𝑿𝑀

∗ 𝑿∗𝑻
መ𝑆0
𝚺(𝑿∗ෝ𝝎𝟎)𝑿

∗
መ𝑆0

−1

• For a fixed number of constraints, r, and

consistent estimator ෠𝜙 for 𝜙0, 𝑇𝑆~𝜒𝑟
2

Study Design

• Datasets for 3 gene regions (NAT2, CHI3L2,

ASAH1) were sampled from 1000 Genomes Phase 

3 reference using HapGen26

• Sample size: n = 500 or 1000 D/R pairs

• 5000 simulations for each gene and n

• s values account for 85, 90, 95, 99% total variance 

explained by PCs 
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• Options for power analyses:

• 5, 15, 25% R genotype SNPs associated with 

outcome, Y

• 5, 15, 25, 50, 75, 100% D/R matching 

associated with outcome, Y

• Associated SNPs in low or high LD

• Small (1.25), Medium (1.50), Large (2.00) OR 

per SNP or matching score

• Outcome prevalence of 5, 10, 20%

• Compared JST to:

• Standard GLM

• SKAT

• Penalized score test

Method Score Prev. 20 Prev. 10 Prev. 5 Cont.

JST 

(s = 85%)

IBS 0.05 0.06 0.04 0.05

Incompatibility 0.05 0.05 0.05 0.05

AMS 0.05 0.06 0.05 0.05

Binary MM 0.05 0.06 0.05 0.05

SKAT*

IBS 0.05 0.05 0.05 0.05

Incompatibility 0.05 0.05 0.05 0.05

AMS 0.05 0.05 0.05 0.05

Binary MM 0.05 0.05 0.05 0.05

GLM

IBS 0.22 0.17 0.16 0.05

Incompatibility 0.22 0.15 0.15 0.05

AMS 0.22 0.17 0.16 0.05

Binary MM 0.23 0.19 0.15 0.06

Pen. 

Score

IBS 0.05 0.07 0.11 0.08

Incompatibility 0.05 0.08 0.11 0.08

AMS 0.05 0.09 0.11 0.09

Binary MM 0.05 0.08 0.10 0.10

Table 1: Results of Type I Error simulations for JST using the gene NAT2

with 500 D/R pairs. Score refers to which score was fit as Zi. Results were 

similar for JST with s values of 90, 95, 99% variance explained. *SKAT was 

fit using an unweighted linear kernel.

Figure 1: Power estimates from simulations using the gene NAT2 and 

1000 pairs of donors and recipients under the scenario that recipient 

genotype SNPs were associated with outcome. The horizontal blue line 

corresponds to 65% power and the horizontal red line corresponds to 80% 

power.

• Samples: 404 D/R kidney transplant pairs 

(56 cases of Acute Rejection)

• Genome-wide SNPs (785,458 Bi-alleles),

• Grouped by 25,265 genes (physical position)

Figure 2: Power estimates from simulations using the gene NAT2 and 

1000 pairs of donors and recipients under the scenario that the gene-

based score was associated with outcome. The horizontal blue line 

corresponds to 65% power and the horizontal red line corresponds to 80% 

power.

Figure 3 (Left): Estimated power plots for 

simulations testing whether gene-based score 

was associated with outcome. All models were fit 

using the partially penalized score test, with 1000 

donor/recipient pairs. The blue line corresponds 

to 65% power and the horizontal red line 

corresponds to 80% power.

Figure 4 (Right): Estimated power plots for 

simulations testing whether gene-based score 

was associated with outcome. All models were fit 

using the partially penalized score test, with 1000 

donor/recipient pairs. The blue line corresponds 

to 65% power and the horizontal red line 

corresponds to 80% power. 
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JST Results

Gene ID IBS Score P-value AMS Score P-value

AC119677.1 29.25 4.46E-07 13.08 1.44E-03

OVCH2 33.14 1.12E-06 28.71 8.95E-06

SKAT Results

Gene ID IBS Score P-value AMS Score P-value

OVCH2 454.93 7.916E-06 230.06 3.18E-04

AC119677.1 107.41 5.143E-04 32.94 2.87E-02

Matching Score Test Results

Gene ID IBS Score P-value AMS Score P-value

OVCH2 19.31 1.11E-05 12.01 5.28E-04

AC119677.1 16.19 5.74E-05 4.96 2.60E-02

Table 2: After Bonferroni correction, two genes were found to be associated 

in joint testing. Of these, OVCH2 was also found to be significant using 

SKAT testing and the matching score only test. Results for incompatibility 

score and binary mismatch score match those for the nonbinary scores.


