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ABSTRACT
Cells are the basic building blocks of human organisms. Single-cell
RNA sequencing is a technology for studying the heterogeneity of
cells of different organs, tissues, conditions, and treatments. Identifi-
cation of cell types and states in sequenced data is an important and
challenging task, requiring computational approaches that are accu-
rate, robust, and scalable. Existing approaches use cluster analysis
as the first step of cell-type prediction. Their performance remains
limited because they optimize only one objective function. In this
study, two evolutionary clustering approaches were designed, im-
plemented, and systematically validated, namely a single-objective
evolutionary algorithm and a multi-objective evolutionary algo-
rithm. Performance of the algorithms was validated on synthetic
and experimental datasets. Both evolutionary algorithms were ac-
curate, consistent, stable, and on par with or better than baseline
algorithms. Run-time analysis of multi-processed implementation
on an High Performance Computing Cluster, demonstrated that
both evolutionary algorithms efficiently handle large datasets.

CCS CONCEPTS
•Computingmethodologies→Genetic algorithms; •Applied
computing → Bioinformatics.

KEYWORDS
bioinformatics, clustering, evolutionary algorithms, multi-objective
optimization

1 INTRODUCTION
Due to powerful sequencing technologies, it is now possible to
measure gene expression of individual cells and catalog their types
and states. These catalogs, known as cell atlases, may be used to
diagnose, treat, and monitor human diseases and disorders [10].

Identification of cell types is based on prior knowledge about
the marker genes, which are differentially expressed in specific cell
types and conditions. To identify cells with similar markers, they
must be clustered into groups first, such that the gene expressions
of cells within one group are similar and the gene expressions of
cells in different groups are dissimilar. Despite these two objec-
tives for cell-type clustering, most current approaches optimize
for one objective only. For example, the well-known partitioning
algorithm, Kmeans, optimizes the total sum of intra-cluster dis-
tances [9], whereas another widely used algorithm, PhenoGraph,
optimizes clusters’ modularity [8].

Interestingly, the concept of a cluster can not be precisely defined,
and the true cluster memberships are unknown. Therefore, even

though a clustering algorithm may produce the most compact clus-
ters, the results may still be unusable because the clusters are not
well separated. Poorly separated clusters hinder the identification
of marker genes that are differentially expressed in neighboring
clusters.

On the other hand, a clustering problem can be defined as a
multi-objective optimization (MOO) problem. In MOO, the objec-
tives are usually conflicting, and therefore, no single solution exists
that simultaneously optimizes all of the multiple objective func-
tions. Several methods may be used to solve the MOO problems. For
example, evolutionary algorithms (EAs) have been proven math-
ematically to find an accurate approximation to the solutions of
MOO problems [2]. EAs were inspired by the process of biological
evolution, which uses the concept of the survival of the fittest [4, 6].
The best solution is found by the iterative improvement of an ini-
tial population of solutions using genetic operators of selection,
crossover, and mutation.

2 DATA AND METHODS
In this work, each clustering solution was encoded by the real-
valued chromosomes of length 𝐾 × 𝑁 , where 𝐾 is the number of
user-defined clusters and 𝑁 is the dimension of the dataset. EA
parameters were experimentally determined using well-established
clustering benchmarks from KEEL repository [1]. Specifically, to
generate offsprings from the parents’ population, we used a one-
point crossover, polynomial mutation, and a tournament selection
with a 0.8 crossover rate, 0.07 mutation rate, 1.0 individual muta-
tion rate. The tournament size was set to 20% of the population,
determined in small experiments. Additionally, in multi-objective
evolutionary algorithm (MOEA), we performed a non-dominated
sorting of parents’ and offsprings’ pools and selected a new popula-
tion from the sorted pool using their non-dominance status [3, 7].

The internal and external validity of the two algorithms were
extensively studied with 6 synthetic and 48 real single-cell RNA-
sequencing (scRNA-seq) datasets. Each dataset comprised between
50 and 10,000 cells and between 10,000 and 32,502 genes. On average,
each dataset comprised more than 50% of zero-inflated expression
values. To preprocess the data, we filtered, log-transformed, scaled
and reduced the dimensionality of each dataset. The datasets’ size,
diversity, dimensionality, and complexity allowed us to test and
compare our algorithms rigorously.

We compared single-objective evolutionary algorithm (SOEA)
and MOEA to existing scRNA-seq clustering methods, such as
Kmeans and PhenoGraph. The efficiency of EAs was examined on
a High-Performance Computing (HPC) cluster with 94 computing
nodes, 4,224 processor cores, 68,608 GPU cores, 18.67TB memory,
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and 221TB storage [11]. Run-time analysis of multi-processed EAs
consumed a total of 4 nodes and 128 CPUs with 64GB memory.

SOEA and MOEA were implemented in Python using DEAP
package (version 1.3.1) [5]. Data collection and preprocessing were
performed using scripts written in R programming language.

3 RESULTS
Experimental results on scRNA-seq data, demonstrated that SOEA
and MOEA clusterings were accurate, consistent, stable, and effi-
cient. We evaluated internal and external clustering validity of the
algorithms and compared them to two other clustering methods.
Internal validity evaluation was performed on 48 real scRNA-seq
datasets without unknown cluster memberships. We evaluated ex-
ternal validity of the algorithms on 6 synthetic datasets with the
known number of clusters.

Result 1: The internal and external validity of MOEA and SOEA
were on par with or better than those of the baseline algorithms.
Internal validity, measured using Silhouette Coefficient (Sil), was
0.485 for MOEA and 0.442 for SOEA, averaged over 48 experimental
scRNA-seq datasets. Bothmethods outperformed PhenoGraph, with
Sil of 0.398.

These results were statistically significant in a paired T-test.
SOEA was no worse than Kmeans (Sil of 0.429) and outperformed
it on 6 datasets. MOEA significantly outperformed Kmeans in 12
datasets. External validity was measured using Normal Mutual
Information (NMI) on 6 synthetic datasets. The average NMI values
were 0.901 for MOEA and 0.898 for SOEA. These values were on
par with Kmeans (0.902) and outperformed PhenoGraph (0.677).

Result 2: Clustering results of SOEA andMOEAwere consistent
and reproducible. To evaluate the consistency of clustering results,
we repeated internal and external validation 30 times and examined
the standard deviation of performancemetrics. The results ofMOEA
and SOEA were consistent. In internal validation, MOEA and SOEA
had standard deviations of 0.009 and 0.003, respectively. In external
validation, the standard deviations of NMI were 0.002 for both
MOEA and SOEA, respectively.

Result 3: MOEA and SOEA were stable, and the preprocessing
workflows were successful. To evaluate the stability of clustering
and the effectiveness of our preprocessing steps, we performed
metamorphic testing of 4 algorithms in 30 independent executions.
Each metamorphic relation was generated by perturbing individual
experimental datasets, and changes in Sil scores were noted. The
average Sil scores across 48 datasets of each metamorphic rela-
tion were not statistically different from the results of the original
datasets.

Result 4: As expected, execution times of MOEA were longer
than those of SOEA. To study the running times, we designed three
computational experiments. Firstly, we compared MOEA and SOEA
running times on a single CPU. Secondly, we used parallel comput-
ing on 16, 32, 64, 94, or 128 CPUs, followed by the examination of
different CPU combinations. Running times of MOEA decreased by
91% when 32 CPUs with four tasks per node and eight CPUs per
task were used.
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