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A) AIC of Snow prediction model with varying B) AIC of PIRCHEV4 prediction model by pHLA
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Supplementary Fig 1: Identifying thresholds for optimal AIC in Snow and PIRCHE models
considering death-censored kidney graft survival in the SRTRC. Colors indicate the
respective model’'s scaled AIC, with yellow indicating lower (better) values and purple
indicating higher (worse) values. A) Optimal AIC (1911633) for a univariable Cox model
considering only the log-transformed Snow score was reached at threshold pairs 0.00/0.00
(pink border). B) Optimal AIC (1911524) for a univariable Cox model considering only the
log-transformed PIRCHE score was reached at a threshold of 300 %o (pink border). C) In a
multivariable Cox model of Snow and PIRCHE, the optimal thresholds shifted towards a
more restrictive 0.26/0.68/300 (pink border), yielding an AIC of 1911469. D) Adding HLA-A,
-B and -DR matching to the multivariable Cox model shifted the optimal AIC (1911392)
towards 0.70/0.66/300 (pink border). However, the configuration of 0.26/0.68/300 has a very
similar performance with an AIC of 1911396. In a multivariable model, thresholds become
more restrictive, possibly indicating a more specialized role for the individual predictors.
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Supplementary Fig 2: Kaplan-Meier plot considering optimal PIRCHE-II (version 4, 300%o)

intervals (i.e. [0-23), [23-45), [45-69), [69-=~)) as identified by three consecutive cut point

analyses using maximally selected rank statistics.
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Supplementary Fig 3: Kaplan-Meier plot considering optimal Snow (0.26 Snowflake surface
area threshold, 0.68 Snowball protrusion rank threshold) intervals (i.e. [0-4), [4-10), [10-13),
[13-»)) as identified by three consecutive cut point analyses using maximally selected rank

statistics.
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Supplementary Fig 4: Kaplan-Meier plot considering optimal Eplet intervals (i.e. [0-6), [6-16),
[16-22), [22-~)) as identified by three consecutive cut point analyses using maximally
selected rank statistics.
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Solvent accessibility vs. protrusion rank of most exposed positions of reported
antibody-verified Eplets
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Supplementary Fig 5: The identified optimal accessibility by surface area (x axis) and
protrusion rank (y axis) includes the majority of antibody-verified Eplets’ exposed positions.
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Supplementary Figure 6: Spline of coefficient in Cox regression considering PIRCHE, Snow
and Eplets indicate the need for transformation prior to application in linear models.



Cox model fit by BIC and iAUC for histocompatibility metrics
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Supplementary Fig 7: Extended butterfly plot of scaled BIC (green, left, lower is better) and
mAUC (purple, right, higher is better) of Cox proportional hazards models considering
histocompatibility metrics predicting graft survival using the overall cohort. Boxplots depict

the median (horizontal line), first to third quartile (box); the highest and lowest values within
1.5% IQR (whiskers) and outliers (circles), respectively.



Cox model fit by BIC and iAUC for clinical model
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Supplementary Fig 8: Extended butterfly plot of scaled BIC (green, left, lower is better) and
mAUC (purple, right, higher is better) of Cox proportional hazards models considering
augmented clinical parameters predicting graft survival using the overall cohort. Boxplots
depict the median (horizontal line), first to third quartile (box); the highest and lowest values
within 1.5% IQR (whiskers) and outliers (circles), respectively.
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Median in Cox prap hazard and clinical models
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Supplementary Fig 9: Median significance levels of repeated Cox proportional hazard
models considering the full cohort. Certain models lack significance for some of its variables,
e.g. HLA-A matching in the models considering the clinical parameters and molecular
matching simultaneously. n.s.: p >= 0.5, *: p < 0.05, **: p < 0.01, ***: p < 0.00
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Variance Inflation Factor (VIF) for Cox proportional hazard histocompatiblity and clinical models
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Supplementary Fig 10: Cox variance inflation factors (VIF) for multivariable prediction
models. In particular for models containing both Eplets and Snow, elevated VIF can be
observed, suggesting these variables are codependent.
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Harrel's concordance index of XGBoost models depending on max-depth and number of trees (immunology models)

052~

128

0.54 -

053~
=4 3

Concordance index

25 5.0 75 10.0 125

25 50

model

256 512

75 10.0 125 25 5.0 75 100 128
depth
<=+ A+B+DR+ABv_Eplets
4@ A+B+ DR+ PIRGHE_II_v4 + ABy_Eplets
<&+ A+B+DR+Snow + PIRCHE |1 v4
<> A_BDR
B AAMM
4% ABv Eplets
= ABv_Eplets + PIRCHE_II_v4
“= PIRGHE_Il_v3
=+ PIRCHE_Il_v4
<=+ Snow

<=+ Snow + PIRGHE_II_v4

Supplementary Fig 11: Concordance index (y axis) of repeated XGBoost models of molecular matching sum scores considering maximum
model depth (x axis) and number of trees per model (panels). Points indicate the respective median C index with the error bars indicating the
first and third quartiles. Circles around points indicate the respective models maximum median value per panel.
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Harrel's concordance index of XGBoost models depending on max-depth and number of trees (immunology models)
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Supplementary Fig 12: Concordance index (y axis) of repeated XGBoost models of molecular matching scores per locus considering maximum
model depth (x axis) and number of trees per model (panels). Points indicate the respective median C index with the error bars indicating the
first and third quartiles. Circles around points indicate the respective models maximum median value per panel.
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Harrel's concordance index of XGBoost models depending on max-depth and number of trees (clinical models)
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A4 B+ DR+ PIRGHE_I_v4 + ABv_Eplets + d_black + r_black + on_TAG + d_age + r_age + LD + CMV_MM + prev_tx_nmbr
% A+B+DR+PIRCHE Il v4 +d black + 1 black + on TAC + d age +r age + LD+ CMV MM +prev tx nmbr
3 A+B+ DR+ Snow + d_black + r_black + on_TAG + d_age + r_age + LD + CMV_MM + prev_tx_nmbr
model
4= A+B o+ DR+ Snow + PIRCHE_II_va + d_black + r_black + on_TAG + d_age + r_age + LD + CMV_MM + prex_tx_nmbr
5+ ABv Eplets +d black+r Dlack+on TAC +d age +r age + LD + CMY MM + prev tx nmbr
4= ABv_Eplets + PIRCHE_Il_v4 + d_black + r_black + on_TAC + d_age + r_age + LD + CMV_MM + prev_tx_nmbr
< d_black + r_black + on_TAG + d_age +r_age + LD + GMV_MW + prev_tx_nmbr
<+ PIRCHE_II_v4 + d_black + r_black + on_TAC + d_age + 1_age + LD + CMY_MM + prev_tx_nmbr
“= Snow + d_black + r_black + on_TAC + d_age + r_age + LD + CMV_MM + prev_tx_nmbr
“= Snow + PIRCHE_|I_v4 + d_black + r_black + on_TAG + d_age + r_age + LD + GMV_MM + prev_tx_nmbr

Supplementary Fig 13: Concordance index (y axis) of repeated XGBoost models of clinical parameters considering maximum model depth (x
axis) and number of trees per model (panels). Points indicate the respective median C index with the error bars indicating the first and third
quartiles. Circles around points indicate the respective models maximum median value per panel.
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Supplementary Fig 14: Integrated AUC (y axis) of repeated XGBoost models of molecular matching sum scores considering maximum model
depth (x axis) and number of trees per model (panels). Points indicate the respective median C index with the error bars indicating the first and

third quartiles. Circles around points indicate the respective models maximum value per panel.
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IAUC of XGBoost madels depending on max-depth and number of trees (immunology models)
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Supplementary Fig 15: Integrated AUC (y axis) of repeated XGBoost models of molecular matching scores per locus considering maximum
model depth (x axis) and number of trees per model (panels). Points indicate the respective median C index with the error bars indicating the
first and third quartiles. Circles around points indicate the respective models maximum median value per panel.
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Supplementary Fig 16: Integrated AUC index (y axis) of repeated XGBoost models of clinical parameters considering maximum model depth (x
axis) and number of trees per model (panels). Points indicate the respective median C index with the error bars indicating the first and third

quartiles. Circles around points indicate the respective models maximum median value per panel.
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Supplementary Fig 17: Distribution of repeated XGBoost models’ AUC at 1.98 years, 4.85
years and 8.97 years (corresponding to the 25th, 50th and 75th percentiles of the
observation period) indicate higher performance of the histocompatibility-augmented models

at all tested time points with a slight advantage of molecular matching-containing models in
short- and mid-term prediction.



Variable importance of XGBoost model A + B + DR + Snow + PIRCHE_II_v4 + random
+ d_black + r_black + on_TAC + d_age + r_age + LD + CMV_MM + prev_tx_nmbr
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Supplementary Fig 18: Variable importance based on gain metric (higher is better) of
XGBoost model considering HLA-A, -B, -DR matching, Snow, PIRCHE-II (PIRCHE_II_v4),
donor being black (d_black), recipient being black (r_black), Tacrolimus maintenance
(on_TAC), donor age (d_age), recipient age (r_age), living donor transplantation (LD, most
important), CMV mismatch (CMV_MM), number of previous transplantations (prev_tx_nmbr)
and a random variable (least important). Even though HLA-A matching is of low overall

importance, it still outperforms a variable of random values artificially included into the
model.



Variable importance of XGBoost model PIRCHE_II_v4 + random + d_black + r_black
+0on_TAC + d_age +r_age + LD + CMV_MM + prev_tx_nmbr

random

J

PIRCHE_II_v4 -I]:'—

e Jl— -
{—
o -

CMV_MM

[}

= d_black

<

<]

§ e IH— -

prev_tx_nmbr —[D—u
on_TAC I I o o0
LD I
0 200 400 600

gain

Variable importance of XGBoost model ABv_Eplets + random + d_black + r_black +
on_TAC +d_age +r_age + LD + CMV_MM + prev_tx_nmbr
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Supplementary Fig 19: Variable importance based on gain metric (higher is better) of
XGBoost model considering clinical parameters (donor being black (d_black), recipient being
black (r_black), Tacrolimus maintenance (on_TAC), donor age (d_age), recipient age
(r_age), living donor transplantation (LD, most important), CMV mismatch (CMV_MM),
number of previous transplantations (prev_tx_nmbr), a random variable (least important),
and (A) PIRCHE-II (PIRCHE_ll_v4), (B) antibody-verified Eplets (ABv_Eplets), and (C)
Snow. Molecular matching is ranked having the least overall importance, yet it is in the same

order of magnitude as recipient age and clearly outperforms a random variable artificially
included into the model.
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Median significance for parameters in Cox proportional hazard histocompatiblity and clinical models
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Supplementary Fig 20: Median significance levels of repeated Cox proportional hazard
models considering the subgroup of patients transplanted within the first two years after
implementation of the new 2014 Kidney Allocation System (KAS). n.s.: p >= 0.5, *: p < 0.05,
**:p<0.01, " p<0.001

Cox model fit by BIC and iAUC for clinical model
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Supplementary Fig 21: Extended butterfly plot of scaled BIC (green, left, lower is better) and
mAUC (purple, right, higher is better) of Cox proportional hazards models considering
histocompatibility metrics predicting graft survival using the subgroup of patients
transplanted within the first two years after implementation of the new 2014 Kidney
Allocation System (KAS). Boxplots depict the median (horizontal line), first to third quartile

(box); the highest and lowest values within 1.5x IQR (whiskers) and outliers (circles),
respectively.
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Supplementary Fig 22: Butterfly plot of ten best XGBoost models’ performance in terms of C
index (blue, left, larger is better) and IAUC (pink, right, larger is better) considering the
subgroup of patients transplanted within the first two years after implementation of the new
2014 Kidney Allocation System (KAS). Top panel considers models only consisting of
histocompatibility metrics, bottom panel considers models of known clinical risk factors in
conjunction with histocompatibility metrics.. Boxplots depict the median (horizontal line), first

to third quartile (box); the highest and lowest values within 1.5% IQR (whiskers) and outliers
(circles), respectively.



Variable importance of XGBoost model A + B + DR + Snow + PIRCHE_II_v4 + random
+ d_black + r_black + on_TAC + d_age + r_age + LD + CMV_MM + prev_tx_nmbr
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Supplementary Fig 23: Variable importance based on gain metric (higher is better)
accounting for the subgroup of patients transplanted within the first two years after
implementation of the new 2014 Kidney Allocation System (KAS) considering an XGBoost
model ensemble of HLA-A, -B, -DR matching, Snow, PIRCHE-II (PIRCHE_Il_v4), donor
being black (d_black), recipient being black (r_black), Tacrolimus maintenance (on_TAC),
donor age (d_age), recipient age (r_age), living donor transplantation (LD, most important),
CMV mismatch (CMV_MM), number of previous transplantations (prev_tx_nmbr, least
important) and a random variable. Notably, the number of previous transplantations is of
lower importance than a random value (random) artificially included into the model.



Supplementary Table 1: Mapping of SRTR-reported race and ethnicity values to populations
reported by Maiers et al [1].

SRTR race SRTR ethnicity Mapped to NMDP 2007
haplotype population

WHITE LATINO HIS

ASIAN LATINO HIS

BLACK LATINO HIS

MULTI LATINO HIS

NATIVE LATINO HIS

PACIFIC LATINO HIS

WHITE N/LATINO EUR

ASIAN N/LATINO API

BLACK N/LATINO AFA

MULTI N/LATINO EUR

NATIVE N/LATINO EUR

PACIFIC N/LATINO API



https://www.zotero.org/google-docs/?1qEbPN

Supplementary Table 2: Included external R and python libraries.

Library

ggplot2
data.table

caret

tidyr
tidyverse
ggstatsplot
dplyr
reshape2
grid
gridExtra
akima

rgl

viridis
scales
foreach
doParallel
doSNOW
haven
survminer
survival
ROCR
pROC
MuMiIn
survAUC
survivalROC
numpy

xgboost

Environment

A X X X»©¥ X X O X X X X XN X X A XV XNV XL O AN XV AN U AN

|python

Ipython

Reference

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28,29]
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https://www.zotero.org/google-docs/?gKvf6I
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https://www.zotero.org/google-docs/?hwsAqn
https://www.zotero.org/google-docs/?8N22CC
https://www.zotero.org/google-docs/?sxyRQj
https://www.zotero.org/google-docs/?zZQ2RS
https://www.zotero.org/google-docs/?aO3T97
https://www.zotero.org/google-docs/?moYx4f
https://www.zotero.org/google-docs/?2gdF9c
https://www.zotero.org/google-docs/?lwheUr
https://www.zotero.org/google-docs/?M0dCN3
https://www.zotero.org/google-docs/?JCWGhC
https://www.zotero.org/google-docs/?9SZQGF
https://www.zotero.org/google-docs/?sWN54k
https://www.zotero.org/google-docs/?P8YL4s
https://www.zotero.org/google-docs/?Wagd8b
https://www.zotero.org/google-docs/?6poVWy
https://www.zotero.org/google-docs/?RdCcoV
https://www.zotero.org/google-docs/?BQvai3

pandas |python [30]

scikit-learn |python [31]
scikit-survival |python [32-34]
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