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Abstract.

Purpose: This study aims to address methodological challenges in evaluating biclustering algorithms under
simultaneous collinearity and overlap, which often co-occur in real world multivariate data but are rarely analyzed
simultaneously. This research highlights the importance of understanding how these structural challenges affect local
pattern detection in data mining applications.

Methods: A simulation study was conducted using synthetic matrices embedded with two constant biclusters under 15
combinations of collinearity levels (p = 0.3,0.6,0.9) and overlap degrees (none, small, large). Each scenario was
replicated 100 times. Performance was assessed using the Liu and Wang Index (ILW), while a three-way ANOVA
tested the effects of algorithm type, collinearity, and overlap.

Result: Spectral Biclustering maintained stable ILW scores despite increasing collinearity, while CC performed better
in low-overlap scenarios but was more sensitive to collinearity. Under high collinearity and large overlap, both
algorithms experienced notable degradation. The ANOVA confirmed all main effects and interactions were significant
(p <0.001).

Novelty: This study contributes empirical evidence regarding the influence of interacting structural characteristics on
biclustering performance. The results deliver practical insights for selecting suitable algorithms and emphasize the
potential advantages of hybrid approaches that integrate the stability of spectral methods with the adaptability of
residual-based techniques.
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INTRODUCTION

The era of big data presents complex challenges in multivariate data analysis, mainly due to collinearity
between variables and overlap between entities. These two conditions often co-occur and can make it
difficult to identify latent patterns, which is important in fields such as bioinformatics, social sciences and
economics. Exploratory data analysis (EDA) commonly uses clustering techniques to group entities based
on similarities, but traditional methods such as K-Means only process rows or columns separately, and thus
are unable to capture local patterns in subsets of rows and columns [1],[2].

Biclustering analysis is an extension of clustering methods that allows simultaneous clustering on both row
and column dimensions [3]. This technique recognizes that only a subset of the data matrix may show
similar patterns in a given subset of objects and subset of variables, forming a submatrix [4]. Taking into
account the local characteristics of the data, biclustering aims to identify a submatrix S € R X C that
exhibits pattern coherence among the set of rows R and columns C [5]. This coherence can be defined based
on the uniformity of values, correlations, or certain trend patterns in the submatrices formed. One well-
known approach is the Cheng & Church (CC) algorithm, which detects constant bicluster by minimizing
the Mean Squared Residue (MSR), a metric that measures the local deviation to the mean within a bicluster
[6],[7]. In contrast, Spectral Biclustering uses singular value decomposition (SVD). This technique projects
the data into a lower-dimensional eigenspace to reveal a checkerboard-shaped structure. This method is
known for its robustness against noise and computational efficiency, especially when applied to high-
dimensional data [8]-[9].
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Initially, biclustering was developed and widely used in the analysis of gene expression profiles obtained
from microarray experiments[10]-[11]. However, as it has evolved, the application of biclustering has
expanded to various fields beyond bioinformatics, such as water consumption modeling [12],
macroeconomic forecasting [13], social vulnerability mapping [14], and consumer behavior analysis [15],
Research on biclustering in text mining, market data analysis [15], prediction and identification of abnormal
energy consumption [16]. This diversity of applications demonstrates the need for algorithmic flexibility,
given that data structures can vary significantly between fields. Therefore, various biclustering algorithms
have been proposed to detect different types of coincidence patterns-from constant, additive, to
multiplicative and order-preserving structures [17].

To date, there is no standardized guideline in the selection of biclustering algorithms for certain types of
data. Algorithm selection is based on the merits of previous research, the characteristics of the resulting
bicluster, as well as the ability to handle overlap between biclusters [18].This lack of standards is an
important issue considering that biclustering is an NP-Hard problem that relies on heuristic approaches and
is prone to the trap of local optimal solutions [19],[20]. The effectiveness of biclustering algorithms is not
only affected by the underlying pattern type, but also by structural challenges such as overlap between
biclusters and collinearity between variables. Overlap can blur the boundaries between clusters by allowing
row and column members to overlap, while collinearity between variables can distort similarity measures
and hinder local pattern detection [15], [21].

One of the main challenges in biclustering is the presence of overlapping structures, where multiple rows
or columns can be members of more than one bicluster simultaneously. This phenomenon is common in
biological and social data, where entities are often involved in several underlying processes [22]. Another
important challenge is the collinearity between variables, which can disguise latent patterns and decrease
the discriminative ability of clustering algorithms [23]. Collinearity is often encountered in multivariate
data, and in model-based approaches, this condition can cause the covariance matrix to become singular
and result in unstable parameter estimates [24]. Various studies have assessed the robustness of biclustering
algorithms to various forms of data irregularities, such as Gaussian noise, missing values, and
heterogeneous pattern structures [17],[25],[26]. Several studies have highlighted the structural challenges
in biclustering, particularly overlap between biclusters and collinearity between variables. [20] developed
G-Bic, a synthetic data generator that models overlapping biclusters to test the robustness of the algorithm
in complex scenarios. [27] proposed a graph-based vertex splitting approach to handle overlap, and stated
that this problem belongs to the NP-Complete class. Meanwhile, [24] showed that collinearity significantly
degrades the performance of the algorithm, although Cheng & Church is more robust in simulated
biological data. While overlap and collinearity have been studied separately, few studies have examined
their combined impact. In fact, they often co-occur in real data and can obscure the bicluster structure and
reduce algorithm accuracy. This methodological gap is worth exploring further.

This study aims to evaluate the performance of two representative algorithms Cheng & Church and Spectral
Biclustering in simulated conditions with varying degrees of collinearity and overlap. Through a factorial
design, this study assesses the robustness and sensitivity of the algorithms, and provides empirical
recommendations for the selection of biclustering methods on data with complex structures.

METHODS

This study adopts a simulation-based experimental design to systematically evaluate the performance of
two biclustering algorithms CC and Spectral Biclustering under controlled structural conditions involving
collinearity and overlap. The simulation framework enables the generation of synthetic data matrices with
precisely embedded bicluster patterns, allowing for comprehensive performance assessment. The overall
methodology includes four main stages: (1) data simulation and bicluster insertion, (2) structural
manipulation through collinearity and overlap configurations, (3) algorithm implementation, and (4)
evaluation using quantitative performance metrics. Each stage is elaborated in the following subsections.

Data simulation and bicluster insertion

The data in this study was generated synthetically in the form of a two dimensional 50 X 50 matrix, which
represents a small scale of data under controlled conditions. Each element in the initial matrix is generated
from a standard independent normal distribution, N (0,1), so it contains no initial regularity.
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Two biclusters of constant type are inserted into the matrix. These biclusters are submatrices with

homogeneous values generated from a normal distribution N(y, 0.1), with p > 0. The pattern is designed

to have significant contrast against the random background. The row and column positions for each

bicluster were chosen randomly to avoid positional bias. The data structure was then modified based on

two main factors, namely:

1) Collinearity among variables: Formed using a multivariate normal distribution with correlated columns.
The correlation parameter was varied at levels 0.3 (low), 0.6 (moderate), and 0.9 (high).

2) Degree of overlap, defined by the proportion of shared rows and columns between the two biclusters—
categorized into no overlap, small overlap (5—15 cells), and large overlap (>15 cells).

After bicluster insertion and structure modification, the entire matrix is reshuffled in the row and column

dimensions. This process aims to disguise the bicluster positions and simulate irregularities as in real data.

This simulation procedure is applied to every combination of conditions to ensure replicable and tractable

results.

Research stages

This research is carried out through a series of systematic stages that aim to generate bicluster structures in
a controlled manner, apply variations in data complexity, and evaluate the performance of two biclustering
algorithms under controlled simulation conditions. The following series of steps illustrates the overall
research workflow.

Background data generation

The background data is formed in the form of a two dimensional matrix of size 50 X 50 with each element
being a realization of an independent normal distribution N(0,1). This matrix acts as a random background
without the presence of structured patterns, thus providing a neutral basis for controlled insertion of
bicluster patterns.

Constant type bicluster insertion
Two constant-type bicyclers are inserted into each matrix. The rows and columns forming the bicluster are
chosen randomly, while the values of the elements inside the bicluster are generated from a normal
distribution N(y, 0.1), with p > 0. This insertion aims to form homogeneous blocks of data that have a
contrast to the random background, thus representing the presence of local structure in the data. The size,
position of the bicluster, as well as the overlap configuration were determined based on the experimental
design outlined in Table 1.

Table 1. Criteria for bicluster size and position

level of overlap

Biclustering Ukuran pk no overlap small overlap large overlap
row column row column row column

1 25x25 N(15,0.1) 6:30 1:25 3:27 1:25 3:27 1:25

2 20x25 N(10,0.1) 31:50 26:50 22:41  21:45 13:32  11:35

The varying degree of overlap between bicyclers is designed to represent the complexity of data structures
commonly encountered in empirical practice. Low overlap indicates a condition where about 5 to 15 cells
in both row and column dimensions have dual membership in both bicluster, while high overlap occurs
when more than 15 cells share membership. This design aims to simulate overlapping phenomena
commonly encountered in real data, such as observations associated with more than one condition. A
50 x 50 matrix was chosen to maintain a balance between computational efficiency and ease of
interpretation, while allowing enough space for two interacting biclusters. The degree of collinearity (p =
0.3, 0.6, 0.9) reflects the variation in correlation prevalent in multivariate data [24]. Meanwhile, the degree
of overlap was explicitly determined to fulfill the research objective, which was to evaluate the sensitivity
of the algorithm to different levels of data structure complexity.

Matrix randomization

After the bicluster insertion process, the matrix is reshuffled independently in rows and columns. This step
is done to obscure the position of the bicluster so that it is not directly identified by the algorithm, while
simulating the characteristics of empirical data which is generally not spatially organized.
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Addition of collinearity structure

Collinearity structure between variables is added by generating data from a multivariate normal distribution.
The correlation parameter between columns is set in three levels of correlation: p = 0.3 (low collinearity),
0.6 (medium), and 0.9 (high). This variation aims to simulate the interdependency between features as
commonly found in social and biological data.

Experiment scenario design

To evaluate the performance of the biclustering algorithm under various data structure conditions, a total

of 15 experimental scenarios were designed. The scenarios are categorized as follows:

1) Collinearity-only scenarios
Three matrices with increasing correlation levels (p = 0.3, 0.6, 0.9) and no overlap were used to isolate
the effect of inter-variable collinearity.

2) Overlap only scenarios
Datasets without imposed collinearity (i.e., columns generated independently) were used to isolate the
effect of overlapping biclusters. Three overlap conditions were tested: no overlap, small overlap, and
large overlap.

3) Overlap and collinearity combination scenarios
Consists of nine combinations of the three levels of collinearity and overlap, to observe the interactive
effect of the two factors together. Details of the scenario combinations are presented in Table 2.

Table 2. Overlap and collinearity combination scenarios

Scenario Category Collinearity (p)  Overlap
Collinearity effect only 0.3 -

0.6 -

0.9 -
Overlap effect only - No overlap

- Small overlap
- Large overlap

Combination of collinearity x overlap 0.3 No overlap
0.3 Small overlap
0.3 Large overlap
0.6 Small overlap
0.6 Large overlap
0.6 No overlap
0.9 No overlap
0.9 Small overlap
0.9 Large overlap

Implementation of biclustering algorithms

This study uses a biclustering approach to identify hidden local patterns in a two-dimensional data matrix.
Biclustering is a method of simultaneous grouping of rows and columns of a matrix that aims to find
submatrices with coherent characteristics, thus allowing the spread of local patterns that are not detected
through conventional clustering methods [28]. In general, biclustering divides the matrix A;; into smaller
submatrices By, based on a certain subset of rows and columns, with the quality of the bicluster measured
by the residuals, which are the differences between the actual and predicted values calculated from the
averages of the rows, columns, and the bicluster as a whole [29].

This research evaluates two biclustering algorithms that represent the two main approaches in local pattern

detection, namely the CC algorithm and Spectral Biclustering. Each algorithm is implemented using R

software.

1) Cheng & Church (CC)
The Cheng & Church (CC) algorithm was introduced by [30] as one of the pioneering approaches in
biclustering, especially for gene expression data. This method aims to identify two-dimensional
submatrices (biclusters) that exhibit stable local patterns in both row and column dimensions
simultaneously. The main criterion used to assess the coherence of a bicluster is the Mean Squared
Residue (MSR), which is a measure of the average squared deviation of the elements in a submatrix
from its local structure [31]. Mathematically, the MSR for a bicluster with the set of rows I and columns
J is defined as the average of the squared differences between the element values and their constituent
components, consisting of the row average, column average, and overall average in the submatrix. The
formal equation 1 is [32].
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The equation uses the notation y;; to express the value of the data element in the i-th row and j-th
column. The average value of all elements in the i-th row is denoted by a;, while ; represents the
average of all elements in the j-th column. The u represents the global average of all elements in the
bicluster submatrix. Thus, the MSR value represents the squared deviation of each element from the
row and column averages, corrected for the global bicluster value.

A smaller MSR value indicates a higher level of coherence. Therefore, the CC algorithm aims to find a
bicluster that has an MSR value smaller than a certain threshold, called the residual threshold (&) [33].
6 can be determined by the greedy iterative search method as recommended by [34].

The bicluster search process is conducted in three main stages. The first stage is Multiple Node Deletion,
which deletes a number of rows and/or columns that have the largest contribution to the increase in
MSR until all remaining elements are below the threshold. The individual contribution of a row and
column to the MSR is calculated by equations 2 and 3:

1 J
a@) = Il Zj:1(yij —a - p; + M)Z ()

1 1
a@g) = Tl Zi:1(yij —a — B+ M)Z 3)

The values d(i) and d(j) represent the residual contributions of the i-th row and j-th column,
respectively. If these contribution values exceed the threshold &, then the row or column will be
removed from the submatrix.

The second stage is Single Node Deletion, which is the process of refining the results by deleting one
row or one column gradually to reduce the MSR value more selectively. The third stage is Node
Addition, which is the addition of rows or columns that have previously been deleted, if their
contribution to the MSR value is below the § threshold, and the addition does not cause a significant
increase in the residual value.

Once the bicluster is found, all elements included in it are replaced with dummy values or noise. This
is done to prevent the same elements from being detected again in the next iteration of the bicluster
search [35]. The process continues iteratively until the maximum number of bicyclers is reached or until
there are no other structures that satisfy the residual constraints.

Spectral Biclustering

Spectral Biclustering is a biclustering algorithm that uses a spectral transformation approach through
singular value decomposition (SVD) to detect coherent patterns between subsets of rows and subsets of
columns in a data matrix [36]. In contrast to residual-based algorithms such as CC, this approach utilizes
the linear algebraic structure of the matrix and enables the detection of symmetric structures or
checkerboard patterns, i.e. bidirectional coherent patterns reflecting simultaneous linkages between
rows and columns.

The algorithm begins with a normalization process of the A data matrix to remove the influence of scale

between rows and columns. Three commonly used normalization approaches are:

a) Independent Rescaling of Rows and Columns (IRRC): rows and columns are normalized
independently using diagonal matrices R and C, where each diagonal element represents the average
of the row and column,

b) Bi-stochastization: iterates IRRC until all rows and columns have uniform total values,

c) Log-interaction transformation: transforming multiplicative scaled data into additive with a
logarithmic function [21].
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In this study, we applied the log-interaction transformation as introduced by Kluger et al. [32], in order
to linearize multiplicative effects and enhance bicluster detectability in high-dimensional settings.
After the normalization process, the adjusted matrix A’ is decomposed using SVD as follows by
equations 4:

A=UzVT “)

In the equation, A’ is the normalized matrix of the initial data matrix A, which has been adjusted to
remove the effect of scale or variability between rows and columns. The matrices U and V are the
eigenvector matrices (feature vectors) that represent the main orientations of the row and column
dimensions after projection to the spectral space, respectively. Meanwhile, X is a diagonal matrix
containing singular values that reflect the relative contribution of each pair of singular vectors to the
overall structure of the data.

To assess the effectiveness of the algorithm in detecting the bicluster corresponding to the inserted
structure, three types of evaluation metrics are used: internal coherence, structure matching, and result
stability. The metrics used refer to evaluation practices in the biclustering literature [37].

Algorithm evaluation

To measure the extent to which the biclustering algorithm is able to detect the bicluster structure embedded
in the simulated data, the Liu and Wang Index (ILW) is used as the main evaluation metric measuring the
quality of bicluster groups by assessing the accuracy of an algorithm to obtain the actual bicluster in the
data matrix [38]. Liu and Wang index as as of conformity between detected bicluster and ground truth
bicluster based on the similarity of row and column members [39]. Mathematically, ILW for a bicluster
pair is defined in equation 5:

1\ IL.nT|+ Ny,
[Liu&Wang (M()pt‘M) = E Z max ( [ k k] Uk ]k ] ) (5)
i=1

e Ul 1+ Ui Yk ]

In the equation, n denotes the number of bicluster evaluated; I, and J, are the set of rows and columns of
the k-th bicluster embedded (ground truth); while I}, and J, are the set of rows and columns of the bicluster
detected by the algorithm. ILW calculates the average of the product of the Jaccard Index in the row and
column dimensions. The larger the ILW value (close to 1), the higher the degree of agreement between the
actual bicluster structure and the algorithm's detection results [19].

This method was chosen because it is able to quantitatively evaluate the performance of biclustering
algorithms and take into account the two-dimensional correspondence simultaneously. In addition, ILW is
flexible and can be applied to simulated data with explicitly defined ground truth.

Replication

To ensure statistical reliability, each of the 15 experimental scenarios was replicated 100 times. At each
replication, a new matrix was generated with predefined collinearity and overlap structures, and both
algorithms were applied independently. The obtained bicluster was compared with the ground truth using
the Liu and Wang Index (ILW). Descriptive statistics, including the mean and standard deviation of ILW
scores, were calculated for each condition. Comparative evaluation was performed across scenarios to
identify the influence of collinearity, overlap, as well as algorithm type. Visualization and inferential
analysis, including three-way ANOVA, were used to test the significance of the main effects and their
interactions.
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The overall simulation and analysis workflow is illustrated in Figure 1.

Repeat fori= 110 100

Insert two biclusters
Simulate dataset as ground truth

Shuffle rows and Modify structure with overlap
columns and collinearity

CC Biclustering
algorithm

Compute Liu & Wang
Index
Compute the average
Liu & Wang Index

{ Evaluate the performance of CC and ]

Spectral Biclustering
algorithm

Spectral algorithms based on the Liu &
Wang Index

Figure 1. Flowchart of simulation data analysis stages

RESULTS AND DISCUSSIONS
Simulation Data Exploration

Exploration of the simulated data was conducted to ensure that the bicluster structure as well as background
data characteristics, such as the collinearity between variables and the degree of bicluster overlap, were
represented realistically and consistently. This process includes three main settings, namely:

Inter-variable collinearity scenario

In this scenario, two biclusters are inserted into the background data with three levels of correlation between
variables, namely p = 0.3,0.6,and 0.9. To form the correlation structure, a covariance matrix X' is used,
which is formed based on the value of p and used in the generation of multivariate normal data. Each

simulation matrix is 50 X 50 in size.

(a)p=0.3

(b) p=06
Figure 2. Bicluster visualization on background data with varied collinearity
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The visualization in Figure 2 shows that the higher the correlation value between variables, the more
difficult it is to distinguish the bicluster blocks from the background. This is due to the homogenization of
values between columns which makes the visualization less contrasting. At p = 0.3, the two biclusters
appear clear and contrasting. But as p increases to 0.9, the blocks appear to blend in more with the
background.

Overlap scenario between biclusters

Overlap refers to the condition when two or more biclusters have partially overlapping row or column
elements. In this simulation, overlap is controlled in three levels, namely no overlap, small overlap, and
large overlap. The overlap level is not determined by the absolute number of cells, but by the proportion of
overlapping rows and/or columns between two biclusters. The size and number of biclusters were kept
constant, with two bicluster blocks inserted in each scenario.

(a) No Overlap (b) Small Overlap (c) Large Overlap
Figure 3. Visualization of bicluster structures with varying degrees of overlap

Figure 3 illustrates the effect of overlap level on the visual clarity of the bicluster structure. In the no overlap
condition (panel a), the boundaries between biclusters are contrasted and clearly separated from the
background. When a small overlap is introduced (panel b), some areas start to overlap with each other
resulting in a smoother value transition in the overlap region. At a large overlap (panel c), the two biclusters
tend to merge, resulting in a color gradation pattern that no longer shows distinct block boundaries, making
the bicluster structure more difficult to visually identify.

Combination of collinearity and overlap scenario

To illustrate more complex conditions, data was simulated with a combination of collinearity levels (p =
0.3,0.6,and 0.9) and overlap levels between biclusters. This scenario represents real conditions where
variables are correlated and the data structure is not fully segregated.

(a) p=0.3, No Overlap (b) p = 0.6, Small Overlap (c) p = 0.9, Large Overlap
Figure 4. Visualization of bicluster structure with combination of collinearity and overlap

Figure 4 displays three representative combinations of the entire scenario for the two-bicluster
configuration. In the condition of p = 0.3 without overlap (panel a), the bicluster structure is clearly
visible and separated from the background. When p = 0.6 and overlap is introduced (panel b), the patterns
between the biclusters start to merge. In the condition of p = 0.9 with high overlap (panel c), the bicluster
structure becomes visually unrecognizable due to the combination of strong correlation and extensive
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overlap. For conciseness, only these three representative scenarios are displayed in Figure 4, while the
complete set of nine visualizations is available upon request.

Randomization of matrix data structure

To avoid positional bias in bicluster detection, row and column randomization is performed after insertion
of the bicluster structure. This process aims to disguise the original location of the bicluster to resemble
real conditions where patterns are not always in fixed positions.

Figure 5. Visualization of bicluster structure randomization results

Figure 5 shows the results of randomization on data with two biclusters initially arranged diagonally. After
permuting the rows and columns, the structure remains but is spread across the matrix area. This confirms
that the biclustering algorithm detects patterns based on the structure of the values, not the geometric
position. Randomization is performed using the sample() function for rows and columns independently.
This process is part of the simulation standard for validating the biclustering algorithm against spatial
variations in data structure.

Simulation data analysis results

Effect of collinearity on biclustering performance

Based on the simulation results at three levels of collinearity (p = 0.3, 0.6,and 0.9). It was found that the
performance of both biclustering algorithms decreased as the correlation between variables increased. The
average Liu & Wang Index (ILW) value shows a consistent decrease at high collinearity, especially for the
CC algorithm. This reflects the sensitivity of these algorithms to information redundancy between variables
that obscures coherent local patterns.

Technically, CC algorithm uses a deviation-to-mean-based Mean Squared Residue (MSR) value reduction
approach, which is less effective when variables are collinear. Under such conditions, the bicluster structure
formed is blurred due to fluctuations in values between variables that are not independent. In contrast, the
Spectral algorithm shows better robustness as the singular decomposition (SVD) based approach is able to
reduce the dimensionality and extract the principal components of complex data structures that contain
correlations between variables.
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Figure 6. Distribution of ILW values against collinearity between variables

The difference in performance between the two algorithms in dealing with collinearity is shown in Figure
6, which shows the distribution of ILW values based on each level of collinearity. It can be seen that the
ILW value of the CC algorithm drops sharply from 0.9306 (p = 0.3) to 0.6468 (p = 0.9). In contrast,
the Spectral algorithm maintained a relatively stable value, from 0.9023 to 0.9048, even though the
collinearity increased significantly.

Table 3. Mean and standard deviation of ILW values per combination of p and algorithm

No _ Collinearity (p)  Algorithm Mean ILW SD ILW
1 0.3 cC 0.9306 0.0278

2 0.3 Spectral 0.9023 0.026

3 0.6 cC 0.7678 0.0659

4 0.6 Spectral 0.9044 0.029

5 0.9 CcC 0.6468 0.0088

6 0.9 Spectral 0.9048 0.0253

Table 3 shows the mean value and standard deviation of ILW for each combination of p value and
algorithm. The standard deviation of ILW for the Spectral algorithm ranges from 0.0253 to 0.029, indicating
a stable performance in detecting biclusters at various levels of collinearity. In contrast, CC algorithm
showed increased fluctuations in ILW values, characterized by the highest standard deviation of 0.0659 at
p = 0.6. This finding indicates that Spectral not only provides higher average results but is also more
consistent with changes in the correlation structure between variables.

Effect of overlap on algorithm performance

Simulations were conducted to evaluate the effect of bicluster overlap on the performance of the
biclustering algorithm by isolating the collinearity factor. Three conditions were tested: no overlap, small
overlap, and large overlap. The simulation results show that the higher the degree of overlap, the Liu &
Wang Index (ILW) value tends to decrease in both algorithms, reflecting the decreased accuracy in
detecting the true bicluster structure.

Table 4. Mean and standard deviation of ILW values per overlap level and algorithm

No  Overlap Algorithm  Mean ILW  SD ILW
1 No Overlap CC 0.9475 0.018

2 No Overlap Spectral 0.9047 0.0304

3 Small Overlap CC 0.8083 0.0307

4 Small Overlap ~ Spectral 0.775 0.0195

5 Large Overlap CC 0.7749 0.0401

6 Large Overlap  Spectral 0.6832 8.00E-04

Table 4 shows that in the no overlap condition, the CC algorithm produces the highest ILW value of 0.9475,
followed by Spectral at 0.9047. However, as the overlap increases, their performance decreases. The decline
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in Spectral is sharper, from 0.9047 to 0.6832 at large overlaps. In contrast, the ILW value of CC decreased
more moderately, from 0.9475 to 0.7749. This indicates that although CC is unstable, it is still able to
maintain a relatively higher level of accuracy under large overlap conditions. In terms of consistency, the
Spectral algorithm shows a very low standard deviation, especially at large overlaps (0.0008), while CC
has a higher prediction variability (standard deviation of 0.0401). This shows that Spectral provides more
distributionally stable results, despite its lower accuracy compared to CC.

10 _ .
0.9 :
>
[1h]
e}
£ | Algorithm
2
£, : B3 oo
&5 ‘ ' Spectral
3
E
»
1

0.7
i —

L]

No Overlap Small Overlap Large Overlap
Overlap Level

Figure 7. Distribution of ILW values against overlap level.

Figure 7 supports this finding, showing a more even distribution of ILW values in Spectral, compared to a
wider spread in CC. However, the checkerboard approach used by Spectral tends to be exclusive and less
adaptive to the intersection area between rows and columns. In contrast, CC algorithm utilizes an iterative
mechanism of row/column deletion and addition, and is thus more flexible in handling overlaps, albeit at
the cost of increased fluctuation in results. Thus, for data containing overlaps between subsets of rows and
columns, CC algorithm may be a more suitable choice than Spectral. However, at large levels of overlap,
the performance of both still degrades significantly.

Interaction of collinearity and overlap on algorithm performance

Table 5. Mean and standard deviation of ILW values per overlap level and algorithm
No. Collinearity (p) Overlap Type Algorithm Mean ILW  SD ILW

1 0.3 No overlap CC 0.9437 0.0244
2 0.3 No overlap Spectral 0.9031 0.0291
3 0.3 Small overlap  CC 0.7792 0.0372
4 0.3 Small overlap ~ Spectral 0.7739 0.0175
5 0.3 Large overlap  CC 0.6906 0.0737
6 0.3 Large overlap  Spectral 0.6797 0.0276
7 0.6 No overlap CC 0.7716 0.0644
8 0.6 No overlap Spectral 09115 0.0362
9 0.6 Small overlap  CC 0.6933 0.057

10 0.6 Small overlap ~ Spectral 0.7671 0.0337
11 0.6 Large overlap  CC 0.5659 0.0545
12 0.6 Large overlap  Spectral 0.6696 0.0484
13 0.9 No overlap CC 0.6452 0.0112
14 0.9 No overlap Spectral 0.9054 0.0287
15 0.9 Small overlap  CC 0.5685 0.0056
16 0.9 Small overlap ~ Spectral 0.7529 0.0657
17 0.9 Large overlap  CC 0.4985 0.0288
18 0.9 Large overlap  Spectral 0.6696 0.0301

Table 5 presents the mean and standard deviation of ILW for each combination of conditions. At low
collinearity (p = 0.3), both algorithms show high performance, with CC recording an ILW of 0.9437 at no-
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slice overlap. However, as the overlap increases, the performance of both degrades. The most significant
decrease occurs for CC at high collinearity and large overlap, with ILW dropping to 0.4985.
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Figure 8. ILW distribution based on a combination of collinearity and overlap

Figure 8 shows the distribution of ILW across all combinations. In general, increasing collinearity and
overlap reduces the algorithm's ability to accurately detect bicluster. Spectral shows relatively better
robustness to high collinearity, as evidenced by the ILW values that remain high at p = 0.9 with low overlap.
In contrast, CC excels at small overlaps, but loses accuracy when the data structure becomes complex. In
Figure 7, 8 and 9 overlap levels are encoded numerically: 0 represents no overlap, 5 indicates small overlap,
and 15 denotes large overlap.
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Figure 9. Algorithm interaction and overlap in collinearity combinations

The bidirectional interaction between algorithm and overlap is visualized in Figure 9, which shows the
decreasing trend of ILW in both algorithms. The decrease of ILW in Spectral tends to be gentle, while CC
experiences a sharper decrease. This shows that Spectral is more stable under complex combination
conditions, while CC is more sensitive to high overlap, especially when combined with medium to high
collinearity.

The three-way interaction pattern is visualized in Figure 10 as a mean ILW heatmap. The darkest color in
the combination of high collinearity and large overlap for the CC algorithm indicates the lowest
performance. In contrast, Spectral exhibits a more gradual color pattern, showing consistency, albeit with
a gradual decrease.
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Figure 10. Heatmap of mean ILW per combination

Statistically, the results of the three-way analysis of variance (ANOVA) in Table 6 show that all the main
factors (algorithm, collinearity and overlap), as well as all the interactions between these factors, have a
significant effect on ILW values (p < 0.001). This finding indicates that the accuracy of biclustering
algorithms is affected by a complex combination of the correlation between variables and the degree of
overlap between biclusters.

These results have practical implications for various domains that require local pattern detection, such as
biomedical signal analysis, market segmentation, and climate data. In such contexts, understanding the
sensitivity of algorithms to overlapping and highly correlated data structures can be an important reference
in determining preprocessing strategies and selecting appropriate algorithms. However, the limitation of
this study lies in the use of synthetic data. Therefore, further validation using real-world data is necessary
to ensure the generalizability of the results.

Table 6. Results of three-way ANOVA on ILW values

Source of Variation Df Sum Sq  MeanSq F value Pr(>F)
Algorithm 1 4267 4.267 243774 <2e-16
Collinearity (p) 2 4.448 2.224 1270.61 <2e-16
Overlap 2 14.319 7.16 4090.13 <2e-16
Algorithm x Collinearity 2 3.786 1.893 1081.51 <2e-16
Algorithm x Overlap 2 0.115 0.057 32.74 1.09E-14
Collinearity x Overlap 4 0.172 0.043 24.54 <2e-16
Algorithm x Collinearity x Overlap 4 0.263 0.066 37.51 <2e-16
Residuals 1782 3.119 0.002

Based on the overall findings, Table 7 is organized as a practical guide for algorithm selection. Spectral is
recommended for data with high collinearity and low overlap, due to its distributional stability. Meanwhile,
CC is more suitable for data with small overlap and moderate collinearity. Under extreme conditions (high
collinearity and large overlap), the performance of both algorithms degrades significantly, so they are not
recommended without additional preprocessing.

Table 7. Algorithm recommendations based on collinearity and overlap combination conditions
Collinearity (p) Overlap Type Recommended Algorithm

0.3 No overlap CC or Spectral
0.6 Small overlap  CC

0.9 No overlap Spectral

0.9 Large overlap ~ Not recommended
0.3 Large overlap  CC

The Results and Discussion sections should be integrated concisely and clearly to avoid redundancy and
extensive repetition of findings. The discussion must emphasize the implications and significance of the
analytical outcomes rather than restating the numerical results explicitly. Tables and graphs presented must
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each highlight unique aspects of the analysis. Furthermore, statistical analyses should robustly address the
research questions posed. In discussing findings, references should not duplicate citations previously
introduced in the background section. Additionally, comparisons with relevant prior research findings
should be explicitly incorporated to contextualize the study within existing literature.

CONCLUSION

This study evaluates the performance of two biclustering algorithms, namely Cheng & Church (CC) and
Spectral, in detecting bicluster structures in data with varying degrees of collinearity and overlap.
Simulations were conducted by inserting two constant biclusters into the background data matrix, and then
tested with various combinations of correlations between variables (p = 0.3; 0.6; and 0.9) and the degree of
overlap between rows or columns (none, small, and large). Performance evaluation uses the Liu & Wang
Index (ILW) as a measure of accuracy in reconstructing the true bicluster structure. The results show that
collinearity and overlap, both individually and interactively, have a significant influence on the accuracy
of the algorithm. Spectral shows better robustness to high collinearity, especially when the overlap is low,
as the Singular Value Decomposition (SVD) based approach is able to extract principal components from
high-dimensional data. However, its performance drops drastically when the overlap is high, as the
checkerboard pattern used is less flexible in recognizing overlapping regions. In contrast, the CC algorithm
excels on data with small overlap, although it is more sensitive to high collinearity. The Mean Squared
Residue (MSR) based iterative mechanism makes it adaptive to noise and local variations, but also triggers
performance fluctuations when the data structure becomes complex.

This finding was reinforced by the results of the three-way ANOV A, which showed that all the main factors
and their interactions significantly affected the ILW values (p < 0.001). This confirms that the
effectiveness of biclustering algorithms not only depends on the method used, but is also strongly
influenced by the overall structural characteristics of the data. In addition to comparing the performance of
the algorithms, this finding also provides greater insight into how the structural complexity of the data
affects the success of local pattern detection. These implications are important in fields such as
bioinformatics, environmental modeling and consumer behavior analysis, where data structures are often
overlapping and correlated.

Practically speaking, the Spectral algorithm is recommended for data with high collinearity and low overlap
as it provides stable and reliable results. Meanwhile, the CC algorithm is more suitable for data with
moderate collinearity and small overlap which requires more structural flexibility. Under extreme
conditions (high collinearity and large overlap), both algorithms show significant performance degradation,
requiring additional preprocessing steps such as dimensionality reduction or redundant feature removal.
For future research, it is necessary to validate these findings on real-world data to ensure the generalizability
of the results to more complex and uncontrolled conditions. In addition, the development of hybrid methods
that combine Spectral robustness with the flexibility of iterative algorithms such as CC is a potential step
to improve the effectiveness of biclustering in dealing with overlapping and collinear data structures
simultaneously.
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