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ABSTRACT

The analysis of gene expression data has grown increasingly complex with the expansion of high-throughput techniques like
bulk RNA-seq and scRNA-seq. These datasets challenge traditional clustering methods, which often struggle with the high
dimensionality, noise, and variability in biological data. Consequently, biclustering methods, which group genes and conditions
simultaneously, have gained popularity in bioinformatics. Biclustering is valuable for identifying co-regulated gene subsets under
specific conditions, aiding in the exploration of transcriptional modules and gene-disease links. This review examines both traditional
clustering and biclustering methods for gene expression analysis, covering applications such as patient stratification, gene network
identification, and drug-gene interaction studies. Key biclustering algorithms are discussed, focusing on their strengths and
challenges in handling complex profiles. The article highlights significant issues like hyperparameter optimization, scalability, and
the need for biologically interpretable results. Emerging trends are also reviewed, such as consensus clustering and distance metrics
for high-dimensional data, with attention to the limitations of evaluation metrics. The potential for these methods in diagnostic
systems for diseases like cancer and neurodegenerative disorders is also considered. Finally, we outline future directions for
enhancing clustering and biclustering algorithms to create a personalized medicine system based on gene expression data.
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INTRODUCTION traditional clustering methods insufficient, as they
often fail to capture the intricate structure of the
data. In contrast, biclustering approaches provide a
more refined analysis by allowing the discovery of
gene subsets that are co-regulated under specific
subsets of conditions. Despite this potential, several
challenges remain unresolved in this domain.
Among them are issues related to the scalability of
algorithms, the accuracy and interpretability of the
results, and the integration of different data types to
enhance the robustness of the clustering and
biclustering processes.

The primary goal of this survey is to provide
a comprehensive analysis of the current state of
methods and algorithms for clustering and
biclustering gene expression data. We aim to
highlight the existing problems in this field and
assess the effectiveness of various approaches in
addressing these challenges. Ultimately, the review
create the conditions to the development of a robust
diagnostic system for disease prediction based on

The increasing volume of biological data
generated by modern experimental techniques, such
as DNA microarrays and RNA sequencing, has led
to a growing demand for advanced methods and
algorithms for analyzing gene expression data.
Among the most critical tasks in this area are
clustering and biclustering, which allow for
identifying groups of genes with similar expression
patterns or co-expressed under specific conditions.
These methods hold particular promise in
developing diagnostic systems for complex diseases,
such as cancer and neurodegenerative disorders,
where understanding gene expression profiles can
lead to improved prediction, diagnosis, and
treatment strategies.

The uniqueness of experimental gene
expression data lies in its high dimensionality, noise,
and heterogeneity. These characteristics make
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gene expression profiles, paving the way for more
accurate and personalized medicine.

1. PROBLEM STATEMENT

The analysis of gene expression data, critical
for insights into biological processes and disease
mechanisms, faces considerable challenges due to
the high dimensionality, noise, and variability of
data produced by modern sequencing technologies
such as bulk RNA-seq and scRNA-seq. Traditional
clustering methods often fall short in addressing
these complexities, limiting their utility in
identifying co-regulated gene groups or conditions.
Consequently, there is an increasing need for
advanced clustering and biclustering techniques that
can simultaneously analyze genes and conditions to
uncover transcriptional modules and gene-disease
associations. However, despite their potential,
current clustering and biclustering methods
encounter obstacles related to algorithm scalability,
hyperparameter optimization, interpretability, and
the integration of biologically meaningful results.
Addressing these challenges is essential for
advancing diagnostic tools and personalized
medicine based on gene expression data.

2. CURRENT ADVANCES IN
CLUSTERING METHODS FOR DATA
MINING

In recent years, there has been a significant
increase in the number of data mining and machine
learning methods [1], particularly in clustering [2],
which are widely applied in bioinformatics. Each
clustering method has its unique properties, but none
of them is universally “best” for all types of data.
The primary goal of clustering is to organize a
dataset into a smaller number of groups (clusters) so
that similar elements are grouped together, while
dissimilar ones are placed in different groups. The
degree of similarity between elements is typically
gauged by their “distance”: the closer the elements
are, the higher their similarity. Partition-based
clustering techniques, which rely on iterative
algorithms, strive to identify the optimal K centers to
separate the data into K clusters. These centers can
either be centroids, as used in the k-means
algorithm, or medoids, as employed in the k-
medoids algorithm. The k-means algorithm locates
centroids by minimizing the total squared Euclidean
distances between each data point and its nearest
centroid. Its advantage is low computational
complexity, but it is sensitive to outliers and requires
prior determination of the number of clusters K.
Many scRNA-seq analysis methods use k-means.
For instance, the SAIC method [3] integrates

k-means clustering with ANOVA for cell grouping,
followed by the identification of gene signatures.
SCUBA [4] divides cells into two groups at each
time interval and applies gap statistics to identify
bifurcation points. SC3 [5] utilizes k-means for
projecting pairwise cell distance matrices and
merges clustering results via a consensus function.
Both pcaReduce [6] and scVDMC [7] use k-means
for initializing their algorithms.

The k-medoids algorithm selects K points from
the original N data points in a way that minimizes
the total distance to these medoids. This technique
performs well with discrete data that have well-
defined cluster centers. However, like k-means, it is
sensitive to outliers and requires predefining the
number of clusters K. RacelD2 [8], designed to
detect rare cell types in SscRNA-seq data,
demonstrated that replacing k-means with k-medoids
improves clustering accuracy.

Hierarchical clustering remains the most
commonly used method for analyzing gene
expression data. It constructs a hierarchical structure
among data points, which naturally forms clusters
through the tree’s branches. Many scRNA-seq
clustering algorithms either utilize hierarchical
clustering or incorporate it as a step in their analysis.
One of its advantages is that it requires few
assumptions about the data's distribution, making it
applicable to datasets with diverse shapes.
Furthermore, hierarchical clustering effectively
represents the relationships between all data points,
aiding in the interpretation of clustering results.
interpretation of clustering results. There are two
primary  types of hierarchical  clustering:
agglomerative and divisive. BackSPIN [9] is a
bidirectional clustering method that applies
hierarchical clustering across both the gene and cell
dimensions. The correlation matrix of gene
expression data is progressively divided through an
iterative process using SPIN [10] until the
predefined separation criteria are satisfied. The
cellTree [11] algorithm creates a hierarchical
structure for individual cells by generating a
minimum spanning tree based on distributions
produced by Latent Dirichlet Allocation (LDA).
CIDR [12] employs hierarchical clustering on top
coordinates obtained via Principal Coordinates
Analysis (PcoA) from a dissimilarity matrix created
after imputing missing data. ICGS [13] uses
hierarchical clustering to group gene expression
data, selecting genes based on their expression levels
and dynamic range, followed by pairwise correlation
analysis. RCA [14] applies hierarchical clustering to
a correlation matrix that is constructed from the
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projections of single-cell profiles onto aggregated
ScCRNA-seq data. SC3 [5] also utilizes agglomerative
clustering on a consensus matrix, which is formed
by merging the results of multiple k-means
clusterings. DendroSplit identifies clusters within a
hierarchical tree by performing dynamic splits and
merges of branches, using a division index based on
the original gene expression data.

Mixture model-based clustering operates on the
assumption that the data are samples derived from a
mixture of different probability distributions, with
each distribution representing a distinct cluster.
Formation of a cluster structure is carried out by
estimating the likelihood of each sample belonging
to a specific distribution. For continuous data, the
Gaussian Mixture Model (GMM) is the most
popular, whereas the categorical mixture model is
preferred for discrete data. These approaches
provide the benefit of a robust probabilistic
framework, enabling the integration of prior
knowledge into the clustering process. Nevertheless,
interpreting mixture models necessitates advanced
optimization or sampling methods, which are
computationally demanding and rely heavily on the
assumptions made about the data distribution.
Typically, training mixture models is performed
using the  Expectation-Maximization (EM)
algorithm, which alternates between estimating
mixture parameters and classification probabilities.
Alternatively, sampling and variational approaches
are employed for training probabilistic graphical
models. The computational complexity of these
models is determined by the type of distribution
used in the mixture.

BISCUIT [15], as an illustration, utilizes a
Hierarchical Dirichlet Mixture Model (HDMM) and
includes cell-specific scaling along with the
imputation of missing values. This model treats cells
as a Gaussian mixture with a Dirichlet distribution
for the mixing coefficients, a normal prior for the
means, and a Wishart distribution for the covariance
matrices, accounting for technical variability
between individual cells. BISCUIT s trained using
Gibbs sampling. Seurat 1.0 [16] integrates SCRNA-
seq data with in situ RNA to enable spatial
clustering of cells. The integration is achieved
through a bimodal mixture model that focuses on a
specific group of marker genes, enabling the
identification of spatial clusters based on the
probability that a scRNA-seq profile belongs to a
given cluster. DTWScore [17] selects the most
distinctive genes from scRNA-seq time-series data
and uses GMM to cluster cells. TSCAN [18]
employs GMM to cluster cells and then constructs a

minimum spanning tree is employed to identify
pseudotemporal progression.

Graph-based clustering models data points as
nodes in a graph, with edges representing pairwise
similarities between them. This method operates on
the assumption that dense communities exist within
the graph, which can be visualized as dense
subgraphs or spectral components. Although these
algorithms are less reliant on assumptions about data
distributions, they often require substantial
computational resources, which is a significant
limitation. Spectral clustering and clique detection
are among the most widely used graph-based
clustering algorithms. Spectral clustering [19] begins
by constructing a similarity matrix and a graph
Laplacian using a similarity function, such as the
RBF kernel (which must be tuned). The eigenvectors
of the Laplacian are calculated, and k-means is used
for the clustering process. However, the high

computational load involved in calculating all
eigenvectors often makes spectral clustering
impractical for large datasets. In TCC-based

clustering [20], spectral clustering is applied with a
similarity matrix based on transcript compatibility
and Jensen-Shannon divergence between cells, but
only when the number of cell types is
predetermined; otherwise, affinity propagation is
employed. SIMLR [21] refines cell similarity
metrics by introducing rank constraints and graph
diffusion, followed by spectral clustering on the
latent components.

A cligue in graph theory refers to a subgraph
where each node is connected to every other node,
representing clusters of data points within the graph.
Since finding cliques can be computationally
expensive, heuristic approaches are often employed.
For instance, SNN-Clig [22] uses clique detection to
cluster cells based on scRNA-seq data. Since true
cliques are rare in sparse graphs, it instead identifies
dense, quasi-cliques that are not fully connected in
the shared nearest neighbor (SNN) graph. In single-
cell analysis, one of the most widely used graph-
based clustering methods is the Louvain algorithm, a
community detection approach that provides better
scalability than other methods. It uses a greedy
strategy to assign nodes to communities and
iteratively updates the network to achieve a coarser
representation. For instance, SCANPY [23]
integrates the Louvain algorithm for large scRNA-
seq dataset analysis, and Seurat [16] uses it on an
SNN graph to classify cell types.

Density-based clustering identifies clusters as
areas in the input space with a high density of data
points. Notable examples include DBSCAN and
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density peak clustering. DBSCAN [24] forms
clusters by choosing a data point as the center of a
sphere with radius & and checking whether the
number of points inside the sphere surpasses a given
threshold. This operation is performed for every
point to expand the clusters. This method is both
efficient and versatile for data of arbitrary shapesto
However, DBSCAN is sensitive to parameter tuning,
and its performance may degrade if cluster densities
are uneven. In scRNA-seq analysis, density-based
clustering is frequently used to find outlier cells, as
illustrated by GiniClust, and Monocle 2 [25].
Unlike DBSCAN, which uses a density threshold,
density peak clustering [26] focuses on the distances
between points and assumes that cluster centers are
local maxima of density. Monocle 2 [25] uses this
technique for cell clustering within the t-SNE-
generated space.

Kohonen networks, commonly referred to as
self-organizing maps (SOMs) [27], employ
competitive learning to perform clustering tasks.
This method iteratively updates the cluster center
positions for each data point, with adjustments
weighted based on the similarity or distance between
the point and centers, using stochastic gradient
descent. Cluster centers are commonly initialized on
predefined structures like grids. SOMs are scalable
because stochastic gradient descent does not require
all data points to be stored in memory
simultaneously. Additionally, these predefined
structures can incorporate prior knowledge, allowing
for more interpretable relationships between clusters
to be established. Despite their advantages, SOMs
are quite sensitive to parameter choices, especially
the learning rate in weight adjustments. They are
commonly utilized for visualizing and clustering
SCRNA-seq data. Studies [28] have utilized SOMs to
create intuitive visualizations, such as 2D heatmaps,
where the spatial layout reflects similarities in
expression patterns. The SCRAT software package
[29] supports the generation of 2D heatmaps that
display correlations between genes in single-cell
profiles. SOMSC [30] applies SOMs to compress
high-dimensional gene expression data into a two-
dimensional space, aiding in the detection of
transitions between cell states and in ordering cells
along a pseudotemporal trajectory.

An enhancement of traditional self-organizing
maps (SOMs) is the Self-Organizing Tree Algorithm
(SOTA) [31], which allows the formation of a tree
structure, providing better representation of
hierarchical relationships between clusters. Unlike
SOMs, SOTA forms a tree, enabling the natural
representation of cluster hierarchies, useful for

visualizing and analyzing complex data
relationships. SOTA adapts to the data by splitting
tree nodes as necessary, offering more flexible and
accurate clustering compared to the fixed grid
structure of SOMs. Due to its hierarchical structure,
SOTA is more efficient with large datasets, as it
does not require processing all  points
simultaneously, which can be problematic for
SOMs. The tree structure of SOTA facilitates the
interpretation of clusters and their relationships,
while SOM provides a less informative flat map.
Thus, SOTA offers a more flexible and effective
approach to clustering gene expression data
compared to traditional SOMs.

Ensemble clustering, or consensus clustering,
uses multiple approaches to cluster the same dataset.
The results are then combined using a consensus
function. This approach accounts for the diversity of
data representations and clustering models, making
it more robust and effective compared to individual
models. Nonetheless, the effectiveness of ensemble
clustering is influenced by the quality of the
underlying algorithms and the methods used for data
transformation. SC3 [5] is an example of a
consensus approach designed for clustering sSCRNA-
seq data. It initiates by computing pairwise distance
matrices between cells based on Euclidean, Pearson,
and  Spearman  correlations, then  applies
transformations via PCA and the Laplacian. The six
resulting projections are then clustered using the k-
means algorithm, and the outcomes are combined
into a consensus matrix by employing a similarity-
based partitioning strategy [5]. This matrix is
subsequently used for hierarchical clustering.
Another consensus method, conCluster [32], merges
multiple partitions derived from different runs of t-
SNE (t-Distributed Stochastic Neighbor Embedding)
and k-means, each with varying parameters, and
merges them for final clustering using k-means.
Therefore, SC3 and conCluster demonstrate the
advantages of ensemble clustering by providing
higher accuracy and robustness through the
combination of different approaches.

The Affinity Propagation clustering algorithm
[33] works by exchanging messages between two
types of log-likelihoods to determine cluster centers
(exemplars). The first type of message,
responsibility, indicates how appropriate a data point
xk is for representing another point xi compared to
other possible candidates. The second type,
availability, evaluates how appropriate it is for point
xi to be represented by point xx, considering other
points also represented by x«. The main advantage of
Affinity Propagation is that it does not require the
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number of clusters to be predefined. However,
Affinity Propagation has some limitations, including
its high computational cost and sensitivity to
outliers. In TCC-based clustering [20], Affinity
Propagation is applied for cell clustering when the
number of cell types isn't predetermined.
Additionally, SIMLR [21] can employ Affinity
Propagation on the similarity matrix derived from
multiple kernels, without the need for spectral
clustering in the latent space.

3. ENSEMBLE CLUSTERING IN GENE
EXPRESSION DATA ANALYSIS

When analyzing gene expression data,
experimental data can be structured in multiple
ways. In the conventional approach, the data is
typically arranged as a matrix where the rows
signify genes, and the columns represent samples
(such as various tissues or conditions). In this
structure, each matrix element shows the expression
level of a specific gene in a particular sample. This
format is common in bulk RNA-seq analysis, which
focuses on gene expression across different samples.
In the case of single-cell RNA-seq (SCRNA-seq), the
matrix is transposed, with rows corresponding to
cells and columns representing genes. Each element
in this matrix reflects the expression level of a
specific gene in an individual cell. For cancer
research, scRNA-seq can help identify specific
genes or gene combinations that are characteristic of
cancer cells. This aids not only in diagnosis but also
in developing personalized treatment strategies by
identifying the most effective therapeutic targets for
each patient.

It is important to note that, regardless of the
specific approach, the initial data are always
represented as a matrix of gene expression values:
€11 " eln]

E= 1)

em 1 emn

where: e;; is the expression level of the j-th gene
corresponding to the i-th sample or cell; n is the
number of samples or cells; m is the number of
genes.

In the context of bulk RNA-seq or SCRNA-seq
data analysis, samples are commonly separated into
k non-overlapping clusters through a chosen
clustering algorithm. This allows for the grouping of
relevant sample or cell types within the gene
expression matrix based on their characteristics.
Accurate clustering of genes enables the
identification of significant gene subsets, which can
be further utilized in diagnostic models. These

models use the identified gene clusters as attributes
for classifying samples or cells. The application of
ensemble clustering methods at this stage enhances
the objectivity of decision-making regarding the
nature of the grouping of the studied objects. Fig. 1
illustrates a general scheme of the method based on
the application of a cluster ensemble [34]. Also
known as consensus clustering or cluster
aggregation, ensemble clustering aims to recover the
inherent groupings of samples or cells by utilizing
labels from different data partitions [35]. The key
objective is to integrate several base clustering
results into a unified clustering solution, as depicted
in Fig. 1. To date, various methods and approaches
have been proposed and applied to gene expression
data processing, such as cola [36], scEFCS [37],
SC3 [5], and SHARP [38]. While these approaches
address different scientific challenges and focus on
distinct aspects, the fundamental principles and key
issues surrounding the generation and integration of
numerous partitions or models remain consistent,
enhancing the objectivity of cluster structure
formation. This approach can also be extended to
bulk RNA-seq data analysis, where instead of
individual cells, samples are considered, which
similarly require reliable and accurate clustering to
uncover natural groupings of samples and/or genes.

Clustering partition 1

Clustering partition 2

Input B
dataset

Generation »  Integration
Clustering partition 3 i

Final clustering partition

Evaluation

Fig. 1. General scheme of the ensemble

clustering method
Source: compiled by the authors

The development of multiple diverse cluster
partitions or models is a key requirement for all
ensemble clustering techniques. Ensemble clustering
techniques currently applied in single-cell and multi-
cell transcriptomics can be broadly divided into
three types: gene-oriented methods, cell-oriented
methods, and strategies that emphasize various
algorithms (Fig. 2) [34]. A typical approach for
generating base cluster partitions involves randomly
selecting a set number of gene features from the
gene expression matrix, forming subsets that capture
only part of the original genetic data. Repeating this
process multiple times results in a series of subsets,
each used for further cluster analysis. To ensure the
accuracy of the subsequent analysis, a preprocessed
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gene expression matrix, where the dimensionality is
reduced to retain the most significant genes, is
usually employed. For instance, the cola method
[36] starts by performing feature selection to prepare
the data, then generates multiple cluster partitions,
offering the option to sample either genes or cells
depending on user specifications. Random selection
of cells, similar to gene sampling, is also a key
strategy in gene expression data analysis.

One common approach for creating subsets of
gene expression data involves sorting gene features
according to a predefined criterion. This allows for
obtaining a data subset that retains a subset of the
original gene information after dimensionality
reduction. Once the dimensionality of the initial data
is reduced, the remaining or newly formed features
are listed in descending order according to their
variability. Due to the fact that each feature impacts
the result differently on the final outcome, the
features with the highest variability values are
typically retained as low-dimensional input data for
further analysis. In the case of high-dimensional
data, dimensionality reduction helps uncover
information hidden within these higher dimensions.
However, this process can also result in the loss of
critical information by removing part of the
structural details. To mitigate this drawback, it is
typically recommended to combine several
dimensionality reduction methods [39]. Practically,
employing different reduction techniques produces
multiple data subsets. The resulting clustering’s
from these subsets are integrated into a final
outcome, overcoming the limitations of a single
dimensionality reduction technique.

Feature selection is a widely used
dimensionality reduction technique that removes
genes with lower variability, keeping those with
higher variability for cluster analysis. The process
starts with calculating measures of variability for
each gene, including standard deviation, variance,
and coefficient of variation. After arranging the
genes in descending order by these indices, the top
features are selected to generate data subsets.
Feature extraction plays a central role as a
dimensionality  reduction method in high-
dimensional single-cell expression profiles. In
contrast to feature selection, classical feature
extraction techniques, like PCA, produce “new
components” by combining several gene features.
The biological significance of these principal
components has not been thoroughly explored.
However, this does not indicate that the “new
principal components” are lacking in value.
Researchers commonly select different subsets of

principal components to capture all available
variability and represent the original dataset in
practical applications. In [40], the ANMF-CE
method produces multiple base cluster partitions by
selecting new dimensions after feature extraction.
The study utilizes the Adaptive Total Variation Non-
Negative  Matrix  Factorization  (ATV-NMF)
algorithm for feature extraction, a method that
handles missing values, noise, and arbitrarily shaped
clusters.

Random projection (RP), unlike other
dimensionality reduction techniques, does not
necessitate calculating distances or similarities

between cells or “new components”, thus reducing
execution time and resource consumption while still
preserving the variability of information in low-
dimensional data with high probability, similar to
that in the context of high-dimensional data, SHARP
is a notable clustering ensemble system based on the
random projection method [38]. It applies random
projection repeatedly to the matrix to create multiple
low-dimensional datasets, which replace the original
data for hierarchical clustering, producing a variety
of cluster partitions.

Autoencoders are among the most frequently
used neural network models, capable of extracting
both linear and non-linear features from the original
data. Different types of autoencoders (AES) are
commonly applied to reduce high-dimensional
SCRNA-seq data into lower dimensions. As an
illustration, the sclAE method outlined in [41]
separates gene expression profiles into training and
testing subsets, applying random projection to each
one independently to create several subsets of the
original data.

Another approach involves splitting single-cell
data into several subsets (subspaces) and analyzing
them to generate multi-cluster distributions. It is
important to note that these data subsets differ
significantly from the primary data matrix. The same
genes remain in these submatrices, but the key
difference lies in the selection of cells (Fig. 2). In
[42], a method based on random cell sampling for
ensemble clustering was proposed. The Cola method
introduced in [36] relies on repeated random
sampling and reclustering of genes or cells,
ultimately resulting in a stable clustering outcome.
Compared to gene sampling, clustering results from
cell sampling subsets tend to be more reliable.
Although random sampling allows for the rapid
creation of numerous data subsets, it complicates the
formation of a subset that fully reflects the original
dataset. To achieve stable results and increase the
number of sampling iterations, a random stratified
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sampling strategy can also be applied to the initial
single-cell expression data. Unfortunately, these
strategies frequently result in heavy computational
resource consumption when processing large-scale
datasets. [43]. In this study, the authors proposed a
new RC approach for cell selection, where a random
portion of cells is initially sampled, and then k-
means clustering is performed to identify
representative cells that encapsulate the entire
original dataset [43]. In [44], the authors suggested a
similar strategy, but with the difference that the
center of each cluster, identified by the k-means
method, is considered the representative cell. It's
important to recognize that randomly sampling a
portion of cells from the original dataset can result in
overlapping information. The SHARP algorithm
addresses this by dividing the large dataset into

equal blocks before sampling. This method
optimizes computational resource use, prevents
memory overload, and minimizes sampling

imbalances. [38].

4. ALGORITHM-ORIENTED METHODS FOR
GENE EXPRESSION DATA CLUSTERING

Both gene-based and cell-based approaches,
which focus on creating subsets of gene expression
data, can result in the loss of some information from
the original dataset. In contrast, using methods based
on distance metrics and/or clustering algorithms
(Fig. 2) allows the preservation of all valuable
information contained in the original data. When
conducting cluster analysis of gene expression data,
two key aspects must be considered: the methods for
assessing the distance or similarity between samples
or genes, and the algorithm for grouping the relevant
data based on these similarity measures.

The effectiveness of applying a partition-based
clustering algorithm largely depends on the ability
method for assessing the distance or similarity
between samples or genes [10]. Numerous
approaches are available for measuring the distance
between objects, such as Euclidean, Manhattan,
Mahalanobis, and Minkowski distances. Similarly,
the distance between samples or cells can be
assessed through their similarity, where greater
similarity corresponds to a smaller distance. This
principle is the foundation of several popular
similarity measures, such as Pearson and Spearman
correlation coefficients, and mutual information
scores. By using various distance or similarity
metrics, multiple covariance matrices can be created
for sample pairs, leading to the generation of several
clustering partitions through a specific clustering
algorithm (Fig. 2). As different distance or similarity
metrics emphasize distinct features of the input data,

the final clustering result obtained by combining
several partitions from different algorithms tends to
be more robust and reliable. Building on this idea,
the authors in [5] proposed SC3 (single-cell
consensus clustering), a consensus clustering
approach for single-cell data analysis that utilizes
three common distance and similarity measures:
Euclidean distance, Pearson, and Spearman
correlation coefficients, ensuring more stable
clustering results. Furthermore, the authors in [41]
explored four metrics, including those three, and
introduced a consensus distance. However, it should
be noted that the issue of selecting the most
appropriate distance or similarity metric for high-
dimensional gene expression data remains
unresolved. Euclidean distance is often ineffective
for high-dimensional data, and metrics based on
mutual information require careful determination of
the method for estimating Shannon entropy, which
opens the door for further research in this field.

When the clustering process is implemented, a
common issue arises in ensuring the appropriate
grouping of clustering objects into distinct clusters.
The use of different clustering algorithms for gene
expression data often leads to inconsistent clustering
outcomes, a phenomenon referred to as algorithmic
preference in clustering. Applying various algorithms
to the same dataset has the potential to generate
numerous base clustering partitions, and integrating
these results may yield a more reliable clustering
outcome. However, this introduces the challenge of
optimizing the hyperparameters for each algorithm,
which can significantly influence the resulting cluster
structures. The scEFCS method, as an example,
integrates nine popular clustering algorithms or
software tools often used for gene expression data,
such as SC3, Monocle, CIDR, pcaReduce,
Rphenograph, Seurat, SHARP, SINCERA, and
RacelD [37]. In a similar approach, the ECBN
framework incorporates four well-known clustering
methods or packages for normalized datasets,
including CIDR, Seurat, SC3, and t-SNE + k-means
[45]. GeoWaVe, developed by Burton and colleagues,
utilizes five commonly used clustering algorithms
[46], such as FlowSOM [47], PHATE with k-means,
SPADE, Phenograph [48], and PARC [49].

As shown in Fig. 3, the alternative voting
strategy is currently the most widely adopted
approach for obtaining a final result from several
base clustering partitions [34]. Due to its simplicity,
the majority rule (i.e., voting) provides a stable and
representative clustering outcome that reflects the
majority of base clustering partitions.

ISSN 2663-0176 (Print)
ISSN 2663-7731 (Online)

Theoretical aspects of computer science,
programming and data analysis

353



Yarema O. R., Babichev C. A. / Herald of Advanced Information Technology
2024; Vol.7 No.4: 347-360

Clustering partitions

With specific numbers 4 P \
t A 1
e — 1 A
; L [ [ —| I Swe T G
1 Py I
Random sampling i ) (’ \:” A
1 e @ I
s e | 1 Niade 1
1 1
1 1
Gene-oriented | P ‘,_-. :
With different numbers : &5 D :
! gy L
Ranking after — i e -
dimensionality reduction > ---- : ) :
n cells I (/ \‘. '
1 : I
S, — — — B ; 1 ® :‘:-__/ 1
— = Sampling with specific numbers 1 ‘/‘ &N I
@i ' — 2
2 1 \ ) 1
B | =T 1 AR 1
E ; || 1 1
Cell- ted
ell-orien & - N 1 :
S| || L : .
1 -~ 1
1 e 1
] N0,
1@-1) e M)
1 £ o% et
Euclidean | ¥ ohe \
Distance/similarity measures  Manhattan | Nonei? |
L Pearson 1 1
Dillerent algorithms : :
—> FIC R
1 N o L 1
; ; K-means O i i
Clustering algorithms Hierarchical clustering 1 &L ’-\\ i "% 0
DBSCAN \ Ve Poaldl b
\ - 7
Fox N oo A /. i, -
Fig. 2. Three techniques for generating various cluster partitions
Source: compiled by the authors
cells
Input dataset
8
A
A
- =
1"-\\ - - »"‘_"'\ f’-‘\ g VoY
) S (Y i T ) (%) e, 22754 )
\-.__” |’ \\ \-..__'.4 -_--’l \ f' \-._" |’n “\ \4-._ : 1e !‘
P Ve, 1’ - _:""—'d’ aee 0 i ‘\. '} : \-':‘ . [
CAN NG N ey A £ Clustering partitions
5 1 o PN [ H v H \ ", g
N N ~— == ~—_? A i S o? S
N a? - P -
1 2 3 i—1 i
Candidates
1 2 3 i =il T r<i
— A
Majority vote
Y
‘~.___¢’ 1 7 . . Gl
==~~~ Final clustering partition
|[ ‘\\'l \\
\ n !
b PR Seme”

Fig. 3. Optimal cluster structure selection strategy based on the alternative voting method
Source: compiled by the authors

354 Theoretical aspects of computer science, ISSN 2663-0176 (Print)
programming and data analysis ISSN 2663-7731 (Online)



Yarema O. R., BabichevC. A. [

Herald of Advanced Information Technology

2024; Vol.7 No.4: 347-360

It is important to note that achieving a more
accurate clustering result requires a comprehensive
input of base clustering partitions, which can lead to
increased computational costs. The hypergraph-
based approach offers a more adaptable way of
representing relationships between data points,
which is especially beneficial when integrating
multiple base clustering partitions. This approach
represents the graph as a diagram illustrating the
connections and topological structure between data
points. A typical graph is expressed as G (V, E),
with V as the vertices and E as the edges. A
hypergraph, a more generalized form, allows edges
to connect multiple vertices and is denoted H (V, E).
Unlike standard graphs, hyperedges can connect
more than two vertices. In this case, clustering
partitions can be represented as hypergraphs, where
cluster labels are transformed into corresponding
hyperedges. Each clustering partition pi is
represented using a binary matrix, with the rows
corresponding to cells (vertices) and the columns to
clusters (hyperedges). The matrix elements vik
indicate the value of the j-th row in the k-th
hypergraph.

The following rules govern the assignment of
cell labels:

I {1, if thei—thobject € k — th cluster
ko, otherwise '

The binary matrix assigns the value 1 to
elements of a hyperedge when a cell belongs to a
particular cluster and 0 when it does not. As a result,
each cluster becomes a hyperedge, and the clustering
result is illustrated as a hypergraph. The hypergraphs
created from different clustering partitions can then
be merged into a single large hypergraph to
consolidate all partitions. However, one significant
downside of the hypergraph strategy is its growing
computational complexity as the number of vertices
and edges increases. Due to this high computational
complexity, applying hypergraph-based clustering to
large datasets becomes challenging.

5. METHODS AND MODELS FOR
BICLUSTERING GENE EXPRESSION DATA

Biclustering is a data mining technique that
groups both rows (observations) and columns
(attributes) simultaneously in a data matrix. It
enhances traditional clustering methods by exposing
more complex relationships between data elements.
Fig. 4 visualizes the key differences between
clustering and biclustering [50].

Fig. 4 illustrates that clustering methods
identify mutually exclusive groups of rows or
columns in a data matrix, while biclustering methods

uncover data subsets that fulfill criteria of
homogeneity and statistical significance (local
model). In the figure, orange and blue signify two
row clusters (A), two column clusters (B), and two
overlapping biclusters (C).

The advantages of bicluster analysis compared
to traditional clustering algorithms are as follows:
Firstly, biclustering considers similarity between
observations (rows) only within a specific subset of
attributes (columns), unlike traditional clustering,
which considers all attributes when calculating
similarity. This makes biclustering particularly
useful for biological data analysis, where local
patterns exist, such as gene expression data. It
allows for the identification of transcriptional
modules, which consist of subsets of genes (rows)
that correlate within a subset of samples (columns)
[51]. Secondly, biclustering permits overlapping

groups, meaning that both observations and
attributes can belong to multiple groups
simultaneously  (whereas traditional clustering

assigns observations strictly to a single group). This
reflects the fact that genes can participate in multiple
biological processes  simultaneously [52].
Additionally, biclustering provides more flexibility
in uncovering complex relationships between
observations, making it possible to capture hidden
structures and patterns that may not be visible when
relying on global models [53]. The strength of
biclustering lies in its versatility to detect the
combined effects of multiple biological processes
active under different conditions, reveal complex
biological patterns, and apply methods suited to each
research task’s needs [54]. Though introduced by
Hartigan in 1972 [55], biclustering gained
significant attention in biological and biomedical
research following the development of the Cheng
and Church algorithm in 2000, which was pivotal in
gene expression analysis [51]. Today, biclustering is
a cutting-edge technique for investigating
correlations between gene subsets and experimental
conditions, uncovering biological network modules,
patient phenotype stratification, and gene-drug
relationship analysis [54]. Its applications have also
expanded beyond bioinformatics into areas like text
mining, recommendation systems, and climatology
[56].

Recent research highlights the growing appeal
of bicluster-based methods and covers the following
directions [6]:

e Algorithmic studies: these focus on
analyzing the performance and characteristics of
selected biclustering algorithms [52, 53];
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o Comparative studies: these quantitatively
compare the effectiveness of different biclustering
algorithms [57];

e Evaluation methodologies: these analyze the
metrics used by algorithms and in comparative
studies to assess performance [58];

e Application studies: these explore the use of
biclustering in specific applied fields [54];

e Software studies: these present software
tools related to the analysis and application of
biclustering methods [54].

However, despite certain advancements in this
field, the successful application of bicluster analysis
for gene expression data faces several challenges.
One of the key issues is the difficulty in accurately
defining the boundaries of biclusters, which can lead
to the formation of biclusters with heterogeneous
structures.

Additionally, the metrics used to evaluate
bicluster quality may lack precision or relevance,
complicating objective comparison of results.
Moreover, the large number of biclusters generated
during analysis can hinder result interpretation,
particularly ~ when identifying  biologically
meaningful patterns. Another major obstacle is the
sensitivity of algorithms to hyperparameter settings,

as even minor adjustments can significantly
influence the analysis outcomes, resulting in
instability and  variability in  conclusions.

Furthermore, most existing biclustering methods do
not account for the more complex multi-level
hierarchy of biological processes, limiting their
ability to accurately model real biological systems.
Improving bicluster analysis technology in this
context may involve enhancing the efficiency of
existing algorithms, developing new biclustering

within biclusters, and increasing the robustness of
methods to hyperparameter variations.

CONCLUSIONS

This survey examined the current state of
clustering and biclustering algorithms applied to
gene expression data, emphasizing their significance
in understanding biological processes and disease
mechanisms. We highlighted the limitations of
traditional clustering methods when faced with the
complexity of high-dimensional gene expression
datasets. In contrast, biclustering offers a more
refined approach, capable of revealing hidden
patterns and biological modules by analyzing both
genes and experimental conditions simultaneously.
The main challenges identified include the
optimization of hyperparameters, ensuring the
scalability of algorithms, and the need for more
interpretable clustering results. Additionally, the
effectiveness  of  biclustering in identifying
biologically significant patterns is hindered by the
heterogeneity of gene expression data, which
complicates the accurate definition of bicluster
boundaries. Furthermore, the development of robust
evaluation metrics and consensus methods remains
critical to improving the reliability of clustering and
biclustering outcomes.

The future of clustering and biclustering in gene
expression data analysis lies in enhancing existing
algorithms and developing new approaches that can
effectively model complex biological systems.
Priorities include improving the robustness of these
methods to handle variability in gene expression
data, refining hyperparameter  optimization
techniques, and incorporating multi-level biological
hierarchies into  clustering models.  These
advancements will support the creation of more
accurate diagnostic systems and foster progress
toward personalized medicine.

algorithms, refining methods for optimizing
hyperparameters, improving similarity —metrics
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AHOTALIA

AHaIi3 TaHuX eKCIpecii TeHIB cTae Aefalli CKIIaJHIIIAM Yepe3 pO3IINPEeHHs! BUCOKOMPOIYKTHBHHUX TEXHONIOTIH, Takux sk bulk
RNA-seq ta omnosinepre cexBenyBanHs PHK (scRNA-seq). Lli HaGopy maHHMX CTBOPIOIOTH 3HAYHI BHKIHMKH JUIS TpaJdMidHMX
METOJIB KJacTepu3allii, sKi 4acTo He 3JaTHI CIIPaBJIITHCS 3 BHCOKOIO BHMIPHICTIO, IIyMOM Ta BapiaOeNbHICTIO, BIACTHBHMH
OiomoriyanM npaHuM. Sk pesynbraT, y OioiH(popMmarumi HaOyBalOTh MOIYISPHOCTI METOAM OiKiacrepusalii, II0 JI03BOJISIOTH
OJJTHOYACHO TPYITyBaTH T'€HHW Ta YMOBHU. biknacrepusarisi € KOPHCHOIO ISl ieHTH(IKalii MiAMHOXKHH CITiBPEr'yJIbOBaHHX TEHIB 3a
MIEBHUX YMOB, CIPHSIOYHN JOCITIPKEHHIO TPAHCKPHIILIHHUX MOIYIIB Ta 3B’s3KiB MiXK r'eHaMH Ta XBopobamu. Llelt orisa oxoriroe sk
TpagUIIiiHI METOAN KJIaCTepH3allii, TaK i MeToau OiKIacTepu3amii A1 aHali3y eKCcrpecii TeHIB, po3rysIaroun 1X 3aCTOCYBaHHS JUIS
cTpartudikamii mamieHTiB, igeHTU}IKALIT FTeHHUX MepeX Ta JOCIIKEHHs B3aeMoAii MK reHamu Ta Jikamu. OOTrOBOPEHO KITIOYOBi
JITOpUTMH OiKiIacTepu3alii 3 aKIIEHTOM Ha IXHi CHIIbHI CTOPOHM Ta BHKJIMKH y pOOOTI 31 ckiaqHUMH npodinsmu. CTarTs BUCBITIIIOE
BOXJIMBI THTaHHS], Taki K ONTHUMi3allis rinepnapamerpiB, MaclITabOBaHICTh Ta HEOOXIJHICTh OIONOriYHO iHTEPIPETOBAHHUX
pe3yabraTiB. PO3rsIHYTO HOBITHI TEHICHI, TaKi sIK KOHCEHCYCHA KJIaCTEepU3allis Ta METPUKHU BIJICTaHi /ISl BUCOKOBHUMIPHUX JaHUX,
a TaKoX OOMEXEHHS MOTOYHHX METPUK OLIHKH. PO3risnaerscs MoTeHIian IMX METOAIB y MIarHOCTUYHUX CHCTEMax JUIS TaKUX
3aXBOPIOBaHb, K PaK Ta HEWpoaereHepaTwBHI posnaau. Hapermri, MU OKpECIIOEMO NMEPCNEKTUBHI HANPSIMH Ul BIOCKOHAJIECHHS
ITOPUTMIB KJIacTepu3alii Ta Oikjacrepu3alil 3 METOI CTBOPECHHS CHCTEMH IIePCOHATI30BAaHOI MEIHUIMHU Ha OCHOBI JTAHUX
€KCIIPeCii T'eHiB..

KitrouoBi ciioBa: iHTeneKTyalbHUI aHAII3 IaHUX; IaHi eKCIpecii TeHiB; KiacTepu3aris; OikiacTepu3ais; cUcTeMa IPUHHATTS
pillIeHb; METOAM Ha OCHOBI aHCaMOIiB; aJIbTEPHATUBHE T'OJIOCYBAHHS, IEPCOHAII30BaHA MEIUIMHA
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