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ARTICLE INFO ABSTRACT

gﬁ&‘fggf‘g Type 2 diabetes mellitus (T2DM) is a metabolic disorder primarily
Gene Expression driven by insulin resistance, involving complex genetic regulation.
Mean Squared Error . . . . .
Insulin Resistance Understanding the molecular mechanisms underlying insulin

Missing Value I tati . . . - cp - . .
1ssing Yatue mputation resistance is crucial for identifying therapeutic targets. This study

compared the performance of two biclustering algorithms, factor
analysis for bicluster acquisition (FABIA) and the Cheng and Church
algorithm (CCA), in analyzing gene expression data associated with
insulin resistance. Using the GSE19420 dataset, simulated missing
values were introduced to evaluate the robustness of both methods.
Results showed that CCA consistently achieved lower mean squared
error (MSE) in reconstructing gene expression patterns, suggesting
higher accuracy in capturing co-expression structures. Nevertheless,
FABIA effectively detected sparse, biologically relevant clusters.
Notably, key genes such as MYOS5B, DLG2, AXIN2, and PTK7 were
identified within the biclusters, supporting their involvement in
insulin signaling and metabolic regulation. These findings
underscore the need to select biclustering methods that align with
specific analytical goals and offer insights into gene networks
involved in insulin resistance.

1. Introduction

Type 2 diabetes mellitus (T2DM) is one of the most common metabolic disorders, characterized
by insulin resistance that disrupts blood glucose regulation. If not properly managed, T2DM can lead
to severe complications such as cardiovascular disease and nephropathy [1]. Genetic factors play a
crucial role in insulin resistance, yet the molecular mechanisms underlying this condition remain
largely unclear, making it challenging to develop effective therapies [2].

Gene expression studies are essential for identifying genetic patterns associated with insulin
metabolism. However, analyzing microarray datasets presents challenges such as high
dimensionality and variability in expression levels [3]. One common issue in gene expression
analysis is missing data, which may arise from experimental limitations or technical errors [4].
Although the dataset used in this study is originally complete, simulated missing values were
introduced at levels ranging from 5% to 50% (in increments of 5%) to evaluate the robustness of
biclustering methods under varying degrees of data loss [5], [6].
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Biclustering methods are useful for identifying coherent submatrices in gene expression data—
groups of genes co-expressed under a subset of conditions. Among various approaches, factor
analysis for bicluster acquisition (FABIA) [7], [8] and the Cheng and Church algorithm (CCA) [9]
are two widely used techniques. FABIA applies sparse factor models and has shown strong
performance in detecting rare or weakly expressed gene patterns [9], [10]. However, its sensitivity
to noise and computational complexity can be limiting in large or incomplete datasets. CCA, in
contrast, uses the mean squared residue (MSR) to identify coherent patterns and is known for its
efficiency and robustness in low-variance scenarios [9], [10].

Previous studies have highlighted strengths and weaknesses in various biclustering algorithms
[11]-[13]. For instance, sparse models like FABIA may reveal biologically important but infrequent
signals, while CCA excels in datasets where consistent co-expression dominates. Other reviews and
comparative analyses further support the complementary nature of these methods in biomedical
applications [10], [13], [14].

In this study, the performance of FABIA and CCA in analyzing the GSE19420 gene expression
dataset was compared, focusing on their ability to detect biologically meaningful patterns under
varying levels of simulated missingness. Missing values were addressed using k-nearest neighbors
(KNN) imputation to preserve local gene relationships and minimize data distortion [15]-[17]. The
mean squared error (MSE) was used as the primary evaluation metric to quantify reconstruction
accuracy and algorithm robustness [18]. Previous studies have also demonstrated the application of
biclustering to diabetic nephropathy and retinopathy microarray data, highlighting its effectiveness
in diabetes-related gene expression analysis [14].

2. Method

2.1. Dataset

The dataset used in this study was the GSE19420, obtained from the Gene Expression Omnibus
(GEO), a public repository maintained by the National Center for Biotechnology Information (NCBI)
[1]. It contains gene expression profiles related to T2DM and is structured as a matrix in which each
row represents a gene, and each column represents a sample. Key characteristics of the dataset
include:

o A total of 54,675 genes, covering a broad range of expression signals.
e Forty-two samples (conditions), providing sufficient biological variability.

A variance analysis was conducted to assess the variability in gene expression. The observed
variance ranged from 0.0029 to 0.2403, with a median value of approximately 0.1136. This suggests
that while many genes show stable expression, some exhibit notable fluctuations. Although the
original dataset contains no missing values, simulated missing values were introduced at levels
ranging from 5% to 50%, increasing in 5% increments. These missing entries were imputed using
the KNN method [12], [13], as explained in (4), prior to biclustering analysis. Given its high
dimensionality and biological relevance, this dataset is well-suited for biclustering. The focus of this
study is to compare the performance of FABIA and CCA in identifying gene—sample co-expression
patterns under various levels of missing data.

2.2. Analysis Methodology

This study applied biclustering techniques to identify gene—sample subsets associated with
insulin resistance in T2DM. Two algorithms were used: FABIA and the CCA. Their performance
was evaluated based on MSE, which measures the difference between the original and reconstructed
gene expression matrices [11]. Due to the large size of the dataset (54,675 genes x 42 samples),
random sampling of 10% of the genes was used in certain runs to reduce computational complexity
while maintaining biological representativeness. The full dataset was also analyzed where feasible
to confirm result consistency.

The analysis began with data preparation. The GSE19420 dataset was downloaded from GEO,
and a variance analysis was conducted to assess gene expression stability. Simulated missing values
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were introduced at levels from 5% to 50%, followed by KNN imputation to restore the missing
entries. Next, the FABIA algorithm was applied to identify gene—sample biclusters using a sparse
factor model. The number of biclusters was determined based on the dataset characteristics.
Following the biclustering, the gene expression matrix was reconstructed using the FABIA model,
and the MSE was calculated. The same process was repeated using the CCA algorithm, identifying
biclusters by minimizing the mean squared residue (MSR). The reconstructed matrix from CCA was
also compared to the original using the MSE metric. Finally, the performance of FABIA and CCA
was compared across all levels of simulated missing data. This comparison provided insights into
the robustness and accuracy of each algorithm in reconstructing biologically meaningful co-
expression patterns under incomplete data conditions.

2.3. Factor Analysis for Bicluster Acquisition (FABIA)

FABIA is a biclustering method that utilizes a sparse factor analysis framework to identify
subsets of genes and conditions that exhibit coherent expression patterns [6], [7]. It models the gene
expression matrix (X) as a linear combination of latent factors (Z), bicluster weights (W), and a
noise matrix (E):

X=ZIW+E (1)

In the FABIA model, X denotes the gene expression matrix, which contains the observed
expression values across genes and conditions. The latent factors, represented by Z, capture the
underlying gene activity patterns that explain the observed data. The contribution of these latent
factors to each gene or condition is quantified by the weight matrix W. Finally, E represents the
residual error or noise, accounting for variations in the data that are not explained by the model.

FABIA applies sparsity constraints to retain only the most relevant genes and conditions, which
makes it well-suited for high-dimensional gene expression data [9]. Its strength lies in detecting
weak, rare, or overlapping signals that may be missed by traditional clustering. However, its
performance can degrade in the presence of high noise or incomplete data [11].

2.4. Cheng and Church Algorithm (CCA)

The CCA identifies biclusters by minimizing the MSR, which quantifies coherence within a
gene-condition submatrix [5]. For a bicluster with gene set (/) and condition set (J), the MSR is
defined as in (2).

- - — \2
;ZierEJ(Aij — Ay — Ay +A11) . (2)

MSR(L]) = 5

In the context of the CCA, Aj represents the expression value of gene i under condition j. The term
Aj; denotes the average expression of gene i across all conditions in cluster /, while A refers to the
average expression of all genes in set I under condition j. Lastly, A; indicates the overall average
expression within the bicluster (/, ).

CCA iteratively removes the gene or condition that contributes the most to MSR, refining the
bicluster until the residue falls below a user-defined threshold. Its simplicity and efficiency make it
a popular choice for expression data analysis [9], [11]. However, CCA may fail to detect sparse or
noisy signals that are biologically meaningful [18]. Comparative studies [8], [11] have shown that
while CCA excels in finding coherent, low-variance clusters, FABIA is better at identifying
biologically relevant but sparse gene sets. These complementary strengths justify comparing their
performance under different missing data scenarios.

2.5. K-Nearest Neighbors (KNNN) Imputation

KNN imputation is a widely used method for estimating missing values in gene expression data.
It assumes that genes with similar expression profiles are likely to behave similarly across biological
conditions. Thus, missing values can be inferred using values from genes with similar patterns [12],
[13], [16]. Missing data is a frequent issue in microarray-based experiments and, if left unaddressed,
can introduce bias into downstream analysis [15].
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The distance between a gene with missing values and other genes with complete data is typically
calculated using Euclidean distance:

d(x,y) = \/Z?zl(xi -y 3)

In the KNN imputation method, d(x,y) represents the distance between genes x and y. The
terms x; and y; denote the expression values of genes x and y, respectively, at position i. The variable
n indicates the total number of conditions or samples used in the analysis.

After identifying the (k) most similar genes (neighbors), the missing value is imputed by
averaging the corresponding values of these neighbors:

s _1vk
Xij = Lp=1%p)- )

In the KNN imputation process, X;; represents the imputed value for gene i under condition j. The
term x,; denotes the expression value of the pth nearest neighbor under the same condition, while k
refers to the number of nearest neighbors used for the imputation. This method preserves local data
structure while reducing the impact of noise and outliers. It has been shown to improve the quality
of downstream analyses such as clustering and biclustering [16], [17].

2.6. Mean Squared Error (MSE)

MSE is used to evaluate the accuracy of matrix reconstruction after biclustering. A lower MSE
indicates better agreement between the original and reconstructed gene expression data, and thus
higher accuracy in identifying meaningful co-expression patterns [11]. The MSE is defined as in (5).

1 —\2
MSE = T ﬁlZ}Ll(XU _Xl]) (5)

where X; represents the original expression value for gene i under condition j, while (X;) denotes
the corresponding value in the reconstructed matrix. The variable m indicates the total number of
genes (rows), and n refers to the total number of conditions or samples (columns).

MSE is particularly useful for comparing the performance of different biclustering algorithms
and understanding how imputation affects reconstruction. In this study, MSE served as the primary
metric to assess the impact of missing data on the performance of FABIA and CCA.

3. Results and Discussion

This section presents the results of the biclustering analysis on the GSE19420 gene expression
dataset using two algorithms: FABIA and CCA. The analysis was conducted under varying levels of
simulated missing data, ranging from 5% to 50%, in 5% increments. The performance of each method
was evaluated based on the MSE, with lower values indicating better reconstruction accuracy.

Table 1 summarizes the MSE scores for both methods across all levels of missing data. The
results showed that CCA consistently outperformed FABIA, achieving lower MSE values throughout
the simulation. For example, at 5% missing data, the MSE of FABIA is 31.8051, while CCA records
a significantly lower value of 22.3334. This trend remained consistent across all tested proportions.

Table 1. Comparison of MSE Score for FABIA and CCA Biclustering

No. Percentage Biclustering Method MSE Score
L. 5% FABIA 31.80509036
2. 5% CCA 22.33344089
3. 10% FABIA 31.67558645
4. 10% CCA 22.33324523
5. 15% FABIA 31.59508037
6. 15% CCA 22.27471595
7. 20% FABIA 34.34777162
8. 20% CCA 22.24609422
9. 25% FABIA 31.55570215
10. 25% CCA 22.20938414
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No. Percentage Biclustering Method MSE Score
11. 30% FABIA 31.55786547
12. 30% CCA 22.13535348
13. 35% FABIA 31.32743781
14. 35% CCA 21.93532216
15. 40% FABIA 31.78240904
16. 40% CCA 21.927171
17. 45% FABIA 31.30728998
18. 45% CCA 21.77362267
19. 50% FABIA 30.44305725
20. 50% CCA 21.05085613

Both methods exhibited an increase in MSE values as the proportion of missing data increased.
However, the increase was more pronounced in FABIA. These findings suggest that CCA is more
robust to missing data, likely due to its use of the MSR criterion, which minimizes local variance and
enhances stability under incomplete conditions.

Notably, both methods successfully identified genes such as MYOS5B, DLG2, AXIN2, and
PTK7. These genes are associated with insulin signaling and metabolic regulation, suggesting the
biological relevance of the biclusters detected. Despite its higher reconstruction error, FABIA’s
ability to detect such genes highlights its strength in identifying low prevalence but significant
expression patterns.

Overall, the findings emphasize the importance of selecting biclustering methods based on
analytical objectives. CCA is preferable for general pattern recognition in noisy or incomplete
datasets, whereas FABIA is more suitable for uncovering rare gene expression signatures. Further
improvements, such as enhanced imputation strategies or hybrid models, may help optimize
performance across both approaches.

4. Conclusion

This study compared the performance of FABIA and CCA biclustering algorithms on gene
expression data with simulated missing values. MSE as the evaluation metric, CCA consistently
achieved lower MSE scores across all missing data levels, indicating better reconstruction accuracy
and robustness. Although FABIA was more sensitive to data incompleteness, it successfully
identified biologically relevant, sparse expression patterns.

These results underscore the importance of aligning biclustering method selection with research
goals and data conditions. CCA is more suitable for general-purpose analysis under incomplete data,
while FABIA remains valuable for detecting rare gene expression signals. Future work may explore
hybrid models or improved imputation strategies to enhance analysis of high-dimensional genomic
data.
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