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Background Methodology

e Survival analyses are essential in biomedical research for understanding the time until an e OBJECTIVE: Flexibly expand FIBERS to be able to discover and consider bins with e METHODS:
event of interest, such as organ failure or patient death. multiple (3) risk groups 1. Implement new fitness metrics: Multivariate Logrank test and Kruskal-Wallis
e QOur research aims to identify risk factors for kidney allograft failure (GF). o Practical use: FIBERS bins can offer more flexible recommendations for potential 2. Expand FIBERS to only consider bins with 3 groups
e The Human Leukocyte Antigen (HLA) system, encoded by genes within the Major kidney donor/recipient pairs a. Bins will include a list of thresholds rather than a single threshold value
Histocompatibility Complex (MHC) on chromosome 6, drive the human immune response’ o Reduce assumptions about the ideal threshold(s) for optimal bins 3. Update genetic operators to modify thresholds
o HLA genes code for proteins that help the immune system distinguish between self o Enable FIBERS to explore the threshold space a. Uniform crossover, mutation, merge
and non-self'. m Allow FIBERS to evaluate 2-group and 3-group bins simultaneously 4. Reincorporate 2 group bins with 3 group bins
e HLA matching is a process that compares the HLA types of a patient and potential donor tc m Retain FIBERS current function with only 2-group bins a. Introduce new toggleable parameter: multi_thresholding
determine if they are a match for a transplant. o Redefine bin fitness evaluations: I. True — 2 and 3 group bins will be explored
e Traditional methods of kidney matching relied on antigen-level mismatches (MMs) in HLA m Fitness should be applicable to multi-group bins ii. False — only 2 group bins will be explored (original function)
o This fails to account for the variability at the amino acid (AA) level®>. m Fitness should be comparable across 2-group and 3-group bins 5. Test FIBERS 3.0 functionality with 2-group and 3-group simulated data
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o Larger threshold bins have more features which take longer to e Apply to real-world Scientific Registry of Transplant Recipients Srager, L, Srown, M., Famoun, M, 2924, Aprl. FIBERS
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https://github.com/UrbsLab/scikit-FIBERS pvarsh@seas.upenn.edu discover (SRTR) data Stratification in Right-Censored Survival Analyses With
Covariates.
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