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A. Overview of the Study Design

Data Preprocessing

Background

Cells are the basic building blocks of the human body and are significant to human health.

* Single-Cell RNA sequencing (scRNA-seq) produces data that measure gene expression in individual T e T N
cells. i 1@ e iR DR

* Clustering 1s an essential method for the discovery of cell types. a | RN PR

* Most clustering approaches focus on one objective only, which may not produce meaningtul results in Dt |z l
sc-RNA seq data. [ T LA L)

Research Objectives

1. Design, implement, and test multi-objective evolutionary clustering algorithm (MOEA) for scCRNA.-

seq data.
Perform systematic comparison and evaluation with baseline clustering algorithms (Kmeans and
PhenoGraph) and single-objective evolutionary algorithm (SOEA).

2.

B. General Architecture of MOEA scRNA-seq data challenges:

* Large size
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Figure 2: (A.) lfiime comparison of SOEA andlzi\/[OEA, (B.) MOEA with 6 diffgrent numbers
of CPUs, and (C.) MOEA with 32 CPUs with different combinations.

Figure 1: Hyperparameter tuning of mutation rate and probability, and crossover
probability of SOEA with KEEL benchmarks.
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Figure 4: External validation of MOEA, SOEA, Kmeans, and
MR6: Negate gene counts

PhenoGraph.

Conclusion
* We designed, implemented, and tested a MOEA and a SOEA for clustering of scRNA-seq data.

* We systematically tested algorithms’ performance, accuracy, stability, consistency, and efficiency.

* We showed that the performance and accuracy of the MOEA and SOEA are stable, consistent, and on
par with or better than baseline algorithms.

* In the future, we plan to implement an adaptive selection of hyperparameters.
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