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ARTICLE INFO ABSTRACT

Keywords Glioblastoma is a highly aggressive primary brain tumor with a low
Glioblastoma . . . . .

Gene Expression survival rate. One of the main challenges in analyzing glioblastoma gene
Missing Value Imputation expression data is the presence of missing values, which can reduce

Soft Impute biclustering accuracy and affect biological interpretation. This research

compared six imputation methods k-nearest neighbors (KNN), mean
imputation, singular value decomposition, nonnegative matrix
factorization, soft impute, and autoencoderon the GSE4290 gene
expression dataset with missing values ranging from 5% to 50%. An
evaluation using root mean square error (RMSE), mean absolute error
(MAE), and structural similarity index measure (SSIM) showed that soft
impute provided the best performance at all levels of missing values, with
RMSE of 0.0076, MAE of 0.0073, and perfect SSIM of 1.0000 at 50%
missing values. Meanwhile, deep learning-based autoencoder
experienced significant performance degradation at high missing values.
These findings indicate that more complex models are not always
superior, and regularization-based approaches like soft impute are more
effective in preserving the biological structure of the data. The results of
this research contribute to the optimization of imputation strategies to
improve the accuracy of biclustering analysis in glioblastoma studies.

1. Introduction

Glioblastoma is the most aggressive primary brain tumor with a poor prognosis, with a median
survival rate of only 12—15 months after diagnosis [1]. Biclustering-based gene expression analysis
has the potential to reveal molecular mechanisms and subtypes of this disease, which can support the
development of more effective therapies. However, missing values in gene expression data present a
significant challenge that can reduce analysis accuracy and hinder biological interpretation [2].

Various imputation methods have been developed to handle missing values, ranging from
conventional approaches like singular value decomposition (SVD), which has shown promising
results in several studies [3], [4] to deep learning-based methods, such as autoencoder, which can
capture complex patterns in biological data [5], [6]. Although deep learning methods have been
widely used in various types of biological data [7], [8], their effectiveness in the context of
glioblastoma gene expression with varying levels of sparsity has not been comprehensively
evaluated.
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Regularization-based methods such as soft impute have been used in various matrix analysis
applications and have shown resilience to missing values [4]. However, studies on its performance
in glioblastoma gene expression data remain limited. Previous comparative studies [9], [10] have not
included systematic evaluations of this method, so it is not yet known to what extent regularization
approaches can maintain the biological structure of data in the context of biclustering.

Glioblastoma multiforme (GBM) is the most aggressive primary brain tumor, accounting for
approximately 45% of all malignant gliomas. The molecular characteristics of GBM have been
identified through comprehensive analysis of gene expression profiles, revealing at least four main
molecular subtypes: proneural, neural, classical, and mesenchymal [11]. Each subtype has different
genetic characteristics and therapeutic responses, emphasizing the importance of accurate gene
expression analysis for patient stratification and the development of targeted therapies [12].

Biclustering, also known as co-clustering, is a data analysis technique that performs simultaneous
clustering on rows and columns in a data matrix, which is particularly valuable in gene expression
data analysis [13]. A systematic comparative evaluation of various biclustering techniques has shown
their effectiveness in analyzing complex gene expression patterns [14], with recent advances
incorporating proximity-graph approaches to improve analysis accuracy [15]. This technique has
been introduced to overcome the limitations of traditional clustering methods that only group entire
rows or columns. In a gene expression data matrix X with dimensions n X m, where » represents
the number of genes and m represents the number of samples or experimental conditions, a bicluster
is defined as a pair B = (I,]), consisting of a subset of rows [ € {1,2,...,n} and a subset of
columns J € {1,2,...,m}. This bicluster forms a submatrix whose elements show coherent
expression patterns [13]. The general formula for biclustering can be expressed as an optimization
problem, as in (1).

B = 3rgn}i]n2ie1 Zje] d(xij, .UU) )

where d is a distance function, x;; is the expression value of gene i in sample j, and p; is the
representative value of the bicluster. Missing values in gene expression data can be categorized into
three types based on their occurrence mechanism: missing completely at random (MCAR), missing
at random (MAR), and missing not at random (MNAR). Understanding these mechanisms is
important in selecting an appropriate imputation method [2].

MCAR occurs when the probability of missing data does not depend on other variables in the
dataset, either observed or not. MAR occurs when missingness depends on other observed variables
but not on the missing value itself. Integrative omics analysis provides systematic approaches for
handling such complex missing data patterns [16]. MNAR occurs when missingness depends on the
missing value itself, such as when genes with high expression tend to be undetected due to
measurement technique limitations [17]. Sensitivity analyses can be conducted to evaluate the impact
of this type of missingness on the results [18].

This research evaluates six imputation methods k-nearest neighbors (KNN), mean imputation,
singular value decomposition, non-negative matrix factorization, soft impute, and autoencoder using
the GSE4290 glioblastoma gene expression dataset with missing values levels of 5%—50%. By
comparing the performance of deep learning-based methods and regularization-based approaches in
maintaining data structure, this research aimed to provide deeper insights into the selection of optimal
imputation strategies for biclustering analysis in glioblastoma studies.

2. Method

2.1. Research Methodology

The research methodology used in this study follows systematic steps as illustrated in Figure 1.
In general, this research process consists of four main stages: data collection, preprocessing,
implementation of imputation methods, and performance evaluation and results analysis.
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Fig. 1 Research methodology flow chart for comparative analysis of data imputation methods.

2.2. Data Collection and Preprocessing

The dataset used in this research was GSE4290, acquired from Gene Expression Omnibus

(GEO), a public repository providing high-quality gene expression data, on December 15, 2024. The
GSE4290 dataset consisted of 180 samples, including 136 glioblastoma samples and 44 normal
control samples, and was analyzed using the Affymetrix Human Genome U133 Plus 2.0 Array
platform. Data integration and predictive modeling methods facilitate comprehensive analysis of
such multi-omics datasets [12]. Glioblastoma, classified as a grade IV diffuse astrocytic tumor
according to the 2021 WHO Classification [11], is a malignant brain tumor with aggressive

https://journal.uii.ac.id/ENTHUSIASTIC

p-ISSN 2798-253X
e-ISSN 2798-3153



ENTHUSIASTIC 70
International Journal of Applied Statistics and Data Science

characteristics and a low survival rate, making a comprehensive understanding of its gene expression
profile critical for the development of more effective therapies [1], [12].

The data preprocessing stage involved multiple sequential steps, commencing with initial
cleaning and raw data preparation. Logarithmic transformation with base 2 was then applied to
normalize data distribution using x' = log,(x + 1). Following this, quantile normalization was
conducted to standardize expression value distribution between samples. Variance-based filtering
was then performed to identify genes with significant contribution to data variability. Subsequently,
the MCAR mechanism was applied to systematically introduce missing values, with the percentage
ranging from 5% to 50%. This approach assumes that the probability of missing data does not depend
on the missing values or observed values [17], with computational tools available for efficient
processing [18].

2.3. Data Collection and Preprocessing

2.3.1. K-Nearest Neighbors (KNN)

KNN-imputation in biclustering estimates missing values by utilizing the local structure in gene
expression data. This method calculates missing values based on k values using the Euclidean
distance:

d(x;,x;) = /Z?:l(xil - sz)z 2

Missing values were then estimated using a weighted average of existing values in KNN.

k
£ = Y1 WiXyj
Y Z{(:1 wi

©)

where w; is the weight inversely proportional to the distance to neighbor [. For biclustering, KNN-
imputation adapts by calculating similarity only in relevant gene and sample subsets, thus increasing
imputation accuracy in certain biclusters [2]. Advanced implementations have incorporated temporal
approaches [19] for improved performance in genomic datasets. Sensitivity analyses for missing data
assumptions [20] provide additional validation for imputation quality.

2.3.2. Singular Value Decomposition (SVD)

SVD is a matrix decomposition method that breaks down the data matrix X into three main
components.
X=uzvT (4)

with U and V denote orthogonal matrices, and 2 denotes a diagonal matrix containing singular values.
For biclustering imputation, iterative SVD began by initializing missing values using initial estimates
(usually row or column averages). Then, SVD decomposition was performed on the filled matrix.
Next, the matrix was reconstructed using the first k components:

X=UzVr (5)

Missing values were updated using the reconstruction results, and this process was repeated until
convergence, defined as when the change in the Frobenius norm of successive approximations fell
below a threshold &:

[l — x| < e (6)

The SVD approach assumes that the data structure can be explained by a small number of orthogonal
components, which is consistent with the nature of biclusters in gene expression data. This approach
has proven effective in identifying relevant signal pathways in genomic data, including glioblastoma
data [3].

2.3.3. Nonnegative Matrix Factorization (NMF)

NMF is particularly suitable for biclustering imputation of glioblastoma gene expression data
due to its ability to maintain nonnegativity, which is an intrinsic property of gene expression data.
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Recent advances have extended this approach to incorporate gene-gene interaction networks for
improved dimensionality reduction and imputation [20]. This method decomposes the data matrix
into two nonnegative matrices:

X ~ WH (7

where W and H are nonnegative matrices. Optimization was performed by minimizing the objective
function with nonnegativity constraints:

min ||X — WH||?* subject to W,H = 0 8)

The implementation of NMF for biclustering analysis enables the identification of co-regulated
gene modules related to tumor subtypes, which is very relevant in glioblastoma studies [21]. Multiple
imputation frameworks provide flexible approaches for handling missing data in biological contexts
[22].

2.3.4. Soft Impute

Soft impute uses a nuclear norm regularization approach for matrix reconstruction with missing
values. This algorithm minimizes:

min [|Po(X — D)|I* + A||Z]. )
with the solution given through the soft-thresholding operator:
2 = $;(Pa(X) + Ppe(2)) (10)

where S is the soft-thresholding operator applied to singular values, P, is the projection operator on
observed elements, and Pc is the projection on missing elements. The parameter A controls the
strength of regularization, with higher values resulting in lower-rank solutions. The algorithm
iteratively applies soft thresholding to singular values until convergence, defined as in (11).

2+ - 20,

(A S

<6 (11)

where & is a small threshold value, typically set to 107°. Nuclear norm-based imputation is
particularly effective for biclustering due to its ability to capture local low-rank structure in the gene
expression matrix, which is an important characteristic in glioblastoma data [4]. Alternative
sequential regression approaches [23] have also been explored for multivariate missing data
scenarios.

2.3.5. Autoencoder-Based Imputation

Autoencoder uses a neural network architecture for compact data representation learning. With
input x, encoding h, and decoding X:

h = o(Wx + b)

£ =oWh + b (12

where h denotes hidden representation, x denotes input data, W, W' denotes weight matrices, b, b
denotes biases, and o denotes nonlinear activation function.

This study employed a rectified linear unit (ReLU) activation function for hidden layers and a
sigmoid function for the output layer to maintain the range of gene expression values. The loss
function was the mean squared error between the original and reconstructed values, with an
additional L, regularization term to prevent overfitting.

L=llx—2zl” + alW|? + allW'||? (13)

where « is the regularization parameter. The network was trained using the Adam optimizer with
early stopping based on validation loss. Autoencoder approaches have shown promise in health data
[7] and single-cell RNA sequencing applications [8] and can be applied to gene expression data for
identifying clinically relevant subtypes of glioblastoma [5].
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2.4. Evaluation Metrics

Evaluation frameworks using RMSE, MAE, and SSIM were implemented as the primary
performance metrics. This comprehensive approach to evaluation drew inspiration from systematic
benchmarking studies for imputation methods in biological data analysis [11], which was specifically
adapted to address the unique challenges presented by glioblastoma gene expression datasets. Each
metric provides complementary information about the quality of imputation, from error magnitude
to structural preservation of the data.

2.4.1. Root Mean Square Error (RMSE)

RMSE measures the square root of the average squared difference between predicted values and
actual values.

RMSE = \/ﬁ i — 90)? (14)

where y; is the actual value, ; is the imputed value, and n is the number of samples. RMSE gives
greater weight to large errors, making it very sensitive to outliers [24].

2.4.2. Mean Absolute Error (MAE)

MAE measures the absolute average of the difference between predicted values and actual
values.

1 A
MAE =232, |y - 9i (15)

MAE gives equal weight to all errors, making it more robust against outliers compared to RMSE
[24].

2.4.3. Structural Similarity Index (SSIM)

SSIM assesses the structural similarity between two matrices based on three components:
luminance (1), contrast (c), and structure (s).

SSIM(x,y) = [ ]* - [cCu ] - [sCx, )] (16)

The luminance component measures the difference in average gene expression between the
original and imputed data. The contrast evaluates the variation in expression between genes in one
condition, and the structure measures the spatial correlation between gene expressions in the
bicluster. SSIM provides a more accurate assessment of data reconstruction quality in biological
analysis applications, including gene expression analysis in cancers such as glioblastoma [25].

3. Method

3.1. Performance of Imputation Methods

Table 1 presents the quantitative evaluation results of six imputation methods based on RMSE,
MAE, and SSIM metrics at various levels of missing values.

Table 1. Comparison of Imputation Methods Performance at Various Levels of Missing Values

Method Metric 5% 10% 15% 20% 30% 50%
KNN RMSE 14756  2.0879 2.5573 29550 3.6202 4.6723
MAE 03139 0.6284 0.9421 12578 1.8887  3.1517

SSIM  0.7757  0.6290 0.5250  0.4462 0.3341 0.1923

MEAN RMSE 1.4004 19814 24248 2.8007 3.4313 4.4306
MAE  0.3130 0.6265 09383 1.2519 1.8791 3.1336

SSIM  0.7723  0.6219 0.5155 0.4353 0.3219 0.1868

SVD RMSE 1.6907 2.1338 24582 27071 3.0452  3.2688
MAE  1.1041  1.4498 1.7781  2.0770  2.5590  2.9487

SSIM  0.6191  0.5016 0.4246  0.3648 0.2868  0.2149

NMF RMSE 1.6935 2.1351 24575 27065 3.0443  3.2688
MAE  1.1064 1.4502 1.7752  2.0756  2.5600  2.9559
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Method Metric 5% 10% 15% 20% 30% 50%
SSIM  0.6141  0.4970 0.4192 03611 0.2835 0.1985
SOFT RMSE  0.0065 0.0069 0.0069  0.0068 0.0064 0.0054

MAE  0.0014  0.0021 0.0026  0.0029  0.0034  0.0036
SSIM  1.0000  1.0000 1.0000  1.0000 1.0000  1.0000
AUTOENCODER RMSE 1.6508  2.0809 23807 2.6622 29712  3.1322
MAE  1.0748 1.4426 1.7395  2.0390 2.4754 2.7396
SSIM  0.6443  0.5394 0.4835 03977 03502 03185

Soft impute demonstrated the best performance with the lowest RMSE values, ranging between
0.0054 (at 50% missing values) and 0.0069 (at 15% missing values). MAE values were also observed
to be consistent and low (ranging between 0.0014 and 0.0036), while SSIM remained at 1.0000
across all levels of missing values. This indicates that soft impute consistently maintains the data
structure and provides high accuracy in predicting missing values.

In contrast, simple methods such as KNN and mean imputation experienced significant
performance degradation. At 5% missing values, RMSE values for KNN and mean imputation were
1.4756 and 1.4004, respectively, with SSIM values of 0.7757 and 0.7723. However, when the level
of missing values increased to 50%, RMSE values increased substantially to 4.6723 and 4.4306, and
SSIM values decreased dramatically to 0.1923 and 0.1868, indicating significant damage to the data
structure.

SVD and NMF methods exhibited better resilience with more controlled increases in RMSE and
decreases in SSIM. Autoencoder, despite being based on deep learning, demonstrated less
competitive performance with RMSE values ranging between 1.6508 and 3.1322 and MAE values
ranging between 1.0748 and 2.7396, showing that model complexity does not guarantee high
accuracy in the context of this data.

Fig. 2 shows the relationship between RMSE and the level of missing values for each imputation
method. The pattern in the graph shows that soft impute has the most stable trend, with RMSE staying
low and close to zero, even at the highest level of missing values (50%). This indicates that this
method is able to reconstruct data with high accuracy without being affected by increased data
sparsity.

KNN

Mean

SvD

NMF
Softimpute
Autoencoder

EEERX:

RMSE

0- o < = < < o

10 20 30 40 50
Missing Values (%)

Fig. 2 Comparison of RMSE from various imputation methods at different levels of missing values.

In contrast, KNN and mean imputation showed exponential increases in RMSE as the level of
missing values increased, reaching values of 4.6723 and 4.4306 at 50%. This shows significant
accuracy degradation and the inability of these methods to handle data with high sparsity.
Meanwhile, SVD, NMF, and autoencoder exhibited more gradual increases in RMSE (ranging
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between 3.0 and 3.3 at 50%), indicating relative resilience to increases in missing values, although
still lower compared to soft impute.

Fig. 3 shows similar patterns for MAE values, with soft impute maintaining consistently low
error rates across all missing value percentages. The conventional methods (KNN and mean
imputation) showed steeper increases in MAE at higher missing value rates, while decomposition-
based and deep learning methods exhibited more moderate degradation.
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—#— Autoencoder
2.0 A
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Fig. 3 Comparison of MAE from Various imputation methods at different levels of missing values.

Fig. 4 displays a visualization of SSIM between original data and imputed data for each method
at various levels of missing values. Soft impute showed perfect SSIM values (1.0000) in all scenarios,
affirming its ability to maintain structure and co-expression patterns between genes. These results
indicate that soft impute not only provides imputation with minimal errors but also maintains the
integrity of structural relationships in the data, which is important for further analysis, such as
biclustering.
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Fig. 4 Comparison of SSIM from various imputation methods at different levels of missing values.

In contrast, other methods demonstrated varying decreases in SSIM. SVD and NMF exhibited
moderate resilience, with SSIM remaining above 0.2 at the highest level of missing values (50%).
Conversely, KNN, mean imputation, and autoencoder experience significant decrease in SSIM,
indicating substantial damage to the data structure.
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3.2. Theoretical Implications of Research Findings

The results of this research demonstrate that soft impute consistently outperforms autoencoder
and other methods at all levels of missing values, challenging the assumption that deep learning is
always superior for complex biological data. These findings align with recent studies [26], suggesting
that model complexity can cause overfitting and reduce generalization in cancer data analysis.

The superiority of soft impute can be attributed to the low-rank structure that is typical in
glioblastoma gene expression data [4], [6], where the nuclear norm regularization used allows for
more accurate data reconstruction by maintaining co-expression relationships between genes in
glioblastoma molecular profiles. In contrast, autoencoder tends to struggle learning meaningful
representations from glioblastoma gene expression patterns when missing values are high, as
indicated by increased RMSE and decreased SSIM [5].

Besides minimizing numerical errors, the preservation of the biological structure of data becomes
a crucial factor in glioblastoma biclustering analysis. The perfect SSIM (1.0000) achieved by soft
impute demonstrates its ability to maintain inter-gene relationships in glioblastoma regulatory
networks, aligning with principles proposed by [24] and [14] that maintaining biological data
structure is more important than mere imputation accuracy, especially in identifying molecular
subtypes of brain cancer.

These findings highlight that model selection for imputation should be guided primarily by data
characteristics rather than model complexity alone. While this study focused on classical imputation
methods and neural network approaches, future research can benefit from exploring ensemble
methods like random forests [27] and gradient boosting frameworks such as XGBoost [28], which
might provide complementary strengths in capturing both linear and nonlinear relationships in the
heterogeneous expression patterns characteristic of glioblastoma subtypes. Advanced computational
approaches, including graph neural networks [29], may provide additional insights for single-cell
genomic data analysis.

4. Conclusion

This research evaluated six imputation methods for glioblastoma gene expression data. Soft
impute demonstrated the best performance, with the lowest RMSE values (ranging between 0.0054
and 0.0069) and MAE values (ranging between 0.0014 and 0.0036), as well as perfect SSIM values
(1.0000) at all levels of missing values (ranging from 5% to 50%). This demonstrates soft impute’s
ability to maintain co-expression relationships between genes and biological structural patterns in
glioblastoma gene expression data, which is very important for accurate biclustering processes in
identifying functional gene modules.

Conventional methods (KNN and mean imputation) experienced significant performance
degradation at high levels of missing values, shown by substantial increases in RMSE values (from
approximately 1.4 to more than 4.4) and MAE values (from approximately 0.3 to more than 3.1), as
well as sharp decreases in SSIM values (from approximately 0.77 to less than 0.2) at 50% missing
values. Meanwhile, decomposition-based methods (SVD and NMF) showed better resilience with
RMSE values around 3.2 and SSIM values above 0.2 at 50% missing values, but they were still not
as effective as soft impute. Autoencoder, despite being a complex deep learning-based method, did
not provide significant advantages with higher RMSE values (between 1.65 and 3.13) and MAE
values (between 1.07 and 2.74) compared to soft impute.

The superiority of soft impute comes from its ability to utilize low-rank structure in gene
expression data, important for biclustering analysis. These findings confirm soft impute as the
optimal method for glioblastoma gene expression data imputation, while also opening opportunities
for the development of integrative methods based on regularization and deep learning for future
multi-omics analysis.
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