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Kidney transplantation failure is a serious condition affecting 
about 20% of transplant recipients [8]. HLA amino acid 
mismatches are risk factors for kidney transplantation failure [9]. 

However, the low frequency and multicollinearity of amino 
acid mismatches poses difficulties in univariate analysis. Thus, a 
data-driven rare variant binning method would be very useful to 
elucidate patterns in kidney transplantation failure. Relevant 
questions include the roles of HLA-DRB1 vs. -DQB1 loci.

Introduction: Rare Variant Features

Purpose and Hypothesis

For the application of RARE to construct bins of HLA amino 
acid positions with association to kidney transplantation failure:
● Source of data: Scientific Registry of Transplant Recipients
● 49,459 deceased donor kidney transplantations from 2005-17
● 306 HLA amino acid positions (features)
● Data from 5 HLA loci (A, B, C, DQB1, and DRB1)
● Data was processed through imputation from serologic 

antigen specificities and haplotype frequencies

 

Methods: The RARE Algorithm

Figure 1. Schematic of the RARE algorithm’s stems, including (1) data 
preprocessing, (2) bin initialization, (3) evolutionary cycles consisting of bin 
fitness evaluation, genetic operations, and creation of next generation of bins, (4) 
final bin scoring, and (5) summary of top bins. All figures by student researcher.

 

Bin Initialization
While previous methods depended on expert knowledge for 

initialization of bins, RARE offers flexibility:
1. Random initialization:  rare variant features are randomly 

grouped into bins (option for flexible or constant bin size).
2. Expert knowledge initialization: groups of features believed 

to be informative fromdomain knowledge can be imported. 

Results: Application to Kidney Transplantation

Materials

Results: Validation with Simulated Data
The data simulators were used to set up experiments where 

the optimal bin was known (since the data was simulated) and 
RARE’s accuracy in constructing optimal bins was measured. 
Comparison 1: Univariate Data, Different Levels of Noise
The data simulator for univariate bin tested RARE’s accuracy on 
data with varying noise. RARE with MultiSURF scoring 
achieved 94.22% accuracy in binning features that belonged in 
the known optimal bin with data without noise, 91.56% with 
0.05 noise, 86.11 with 0.1 noise, and 9.00% with 0.5 noise (30 
replicates for each noise level, 0.5 noise was negative control). 
Comparison 2: Different Configurations of RARE
Tested on data from the simulator for univariate bin, RARE 
achieved 100.00% accuracy with univariate scoring, 94.22% 
accuracy with MultiSURF scoring, and 99.00% accuracy with 
constant bin size (30 replicates for each configuration).
Comparison 3: Expert Knowledge Vs. Random Initialization
RARE with partial expert knowledge input (99.00% accuracy, 
average of 21.57 cycles across 30 trials to reach 80% accuracy) 
was compared to RARE with random initialization (94.22% 
accuracy, average of 286.48% accuracy). Results indicate that 
expert knowledge helps RARE’s accuracy and efficiency.
Comparison 4: Data with Epistatic Interaction
RARE with univariate scoring failed to construct bins when 
tested on the data simulator for epistatic bin (33% accuracy), but 
RARE with MultiSURF scoring achieved 96.00% accuracy (30 
replicates for each scoring method). 
Results validate RARE’s ability to reliably construct optimal 
bins with both univariate and epistatic effects.

RARE with univariate scoring and constant bin size was 
used to analyze the relationship between HLA amino acid 
mismatches and kidney transplantation failure. Bins were 
compared to expert knowledge bins extracted from sequence 
feature variant type (SFVT) categories for protein domains and 
amino acid motifs with structural-functional annotation for 
peptide-binding pockets and T-cell receptor contact sites. 

RARE, an evolutionary algorithm for constructing bins with 
optimal association to outcome, was presented. 
● Through tests on simulated data, RARE’s performance with 

both univariate and epistatic bins was validated. 
● RARE can operate both with or without expert knowledge.

The algorithm was applied to elucidate the role of HLA 
amino acid mismatches in kidney transplantation; results 
suggest that mismatches at peptide-binding sites of DRB1 
confer high risk of kidney transplantation failure. 
Applications of this study are threefold:

1) The presented algorithm overcome previous limitations and 
can be applied in a wide range of domains such as genetics.

2) Results from RARE analysis on transplantation failure will 
guide collaborators’ work on developing the new CRPA (a 
sensitization test conducted to guide donor-recipient pairings)

3) Results can guide the Organ Procurement and 
Transplantation Network’s new continuous distribution 
initiative and generally aid in predicting graft failure [10]. 

Ongoing further work will analyze transplantation survival 
within and beyond one year separately.

Conclusions
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An evolutionary algorithm (a type of machine learning 
approach that optimizes by mimicking natural selection) is a 
suitable method for iteratively constructing bins of rare variant 
features to optimize bin association to outcome. 
To overcome the limitations of previous rare variant feature 
analysis methods, this study aimed to:
1) Invent an evolutionary algorithm (RARE) that can reliably 

construct bins of rare variant features with optimal association 
to outcome (i.e., disease)

2) Validate RARE by developing rare variant data simulators
3) Apply RARE to HLA amino acids and kidney graft failure

The hypothesis is that RARE will display accurate 
performance on the simulated data trials and construct bins with 
higher association to transplantation failure compared to expert 
knowledge bins by taking a data-driven approach. 

In biomedical data, features with rare variant states 
(frequency below 0.05) pose challenges for analysis. The 
contribution of rare variant features in disease etiology remains 
largely unexplained, though they are widely believed to hold the 
key to explaining missing heritability in complex diseases [1-2]. 

Traditional univariate association analyses lack sufficient 
statistical power due to the low frequency of rare variants, thus 
binning (i.e., grouping) has been presented as a strategy [3]. 

Limitations of previous rare variant binning  methods [4-7]:
● Depend on expert knowledge for initialization
● Not data-driven, rely on assumptions
● Fail to consider feature interactions (e.g., epistasis)
● Applications restricted to only genetics

Background: HLA Amino Acids in Transplantation

Bin Scoring
Bin fitness evaluation drives optimization of bin association 

to outcome. RARE presents two options for bin scoring based 
on what is relevant in the problem domain:
1. Univariate: RARE quantifies a bin’s univariate association 

to outcome through chi-square test of independence.
2. Relief: RARE uses the MultiSURF algorithm to detect 

interactions between bins of rare variant features and/or 
features to construct bins whose interactions are 
informative. Previous methods lack the ability to detect 
interactions.

Genetic Operations
In each evolutionary cycle of RARE, elite bins are preserved 
for the next generation while poor bins are removed. High 
scoring bins are probabilistically chosen (through tournament 
selection) to be parent bins. Each pair of parent bins undergoes 
crossover to initialize a pair of offspring bins. The pair of 
offspring bins undergoes the mutation operation, which 
randomly adds, removes, or swaps a rare variant feature in the 
bin, and then the pair is added to the next generation of bins.

Figure 2. RARE’s crossover operation. Letters represent rare variant features.

Figure 4. Data simulator for epistatic interaction bin.

Methods: Data Simulators for Validation of RARE

Figure 3. Data simulator for univariate association bin.

Table 1. Results from RARE’s amino acid bins and transplantation data compared 
to the amino acid position and SFVT with highest associations to graft failure.

First, RARE was used to bin across all 5 available HLA 
loci with a constant bin size of 15 (informed by the size of 
typical sequence feature variant type categories). RARE’s best 
bin shared 12 amino acid positions with the expert knowledge 
bin with highest association to outcome, demonstrating 
RARE’s ability to output biologically relevant bins. RARE’s 
best bin also had a higher association compared to the best 
SFVT bin, displaying the utility of RARE’s data-driven 
approach. RARE’s best bin was composed of primarily amino 
acid positions at peptide binding sites of DRB1.

RARE was also used to bin amino acid positions in each 
individual HLA locus separately. The DRB1 bin had the 
highest association, next DQB1, then A, C, and lastly B.
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