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Healthcare Biclustering of Predictive Gene Expression

ABSTRACT
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The major goal of this work is to establish prediction patterns that can influence
better diagnosis and treatment strategies using unidentified interactions between
genes.

Driven by the rapid advances in genomics, knowledge of the factors causing dis-
ease depends more on deciphering the deep linkages existent in the data of gene
expression. Common approaches typically fail to grasp temporal links when
dealing with always-changing living biological systems. This work overcomes
this restriction by leveraging the sequential learning abilities of LSTM together
with the improved pattern recognition capacity of SVM.

Our method uses a hybrid model combining LSTM and SVM to forecast gene
expression. Working together, the LSTM and SVM components find relevant
features in the gene expression data, clarifying trends in the data. Furthermore,
the LSTM component oversees data temporal dependencies. Regarding accuracy
and interpretability, this extra method helps to improve prediction models used
in the healthcare industry.

There are many ways to get a key insight from data on gene expression. The
LSTM and SVM for biclustering gene expression data offer much for healthcare
informatics.

The proposed LSTM-based SVM is used to evaluate numerous current methods
of evaluating performance metrics. Using these opens several opportunities for
the development of customized medicine and the customization of therapies in
line with personal genetic profiles.

Examining the LSTM-SVM hybrid model that has been proposed using a variety
of healthcare-related datasets

This work can be enhanced using several deep-learning algorithms to achieve
better accuracy and performance.

healthcare, biclustering, gene expression, SVM, LSTM, predictive modeling

INTRODUCTION

There are various problems in the healthcare sector nowadays. Prediction and analysis of disease over
gene expression of data on a molecular ailment are available (Nicholls & Wallace, 2021). Conven-
tional approaches typically miss the intricate temporal dynamics in the large-scale generated datasets
resulting from contemporary genomics discoveries (Maatouk et al., 2021).

Several new approaches are available to acquire significant knowledge from data on gene expression
(Bikku et al., 2023). Common methods in the field of healthcare predictive modeling cannot always
be successful since they cannot find small trends and linkages (Bikku et al., 2021).

This effort aims to enhance the already described biclustering data pertinent to a gene expression
strategy (Xie et al., 2020). Primarily, enabling models to produce accurate predictions would help to
capture temporal linkages (Lazareva et al., 2021) in a way that enhances the diagnostic and treatment
outcomes in the healthcare industry.

Inspired by the rapid advances in genomics, knowing the elements causing disease relies more and
more on how one understands the deep relationships discovered in gene expression data. Common
approaches typically fail to grasp temporal links when dealing with always-changing living biological
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systems. This work overcomes this restriction by leveraging the better pattern recognition capacity of
support vector machines (SVMs) as well as the sequential learning abilities of long short-term
memory (LSTM) (Yelugam et al., 2023).

The authors propose a technique for gene expression analysis in this study that would have substan-
tial consequences for the field of healthcare informatics. It presents a hybrid paradigm with an eye on
helping to reach and identify potential treatment targets faster.

The contributions of this research work can be summarized as follows:

1. The study introduces a novel hybrid model combining LSTM and SVM, leveraging their
strengths to analyze gene expression data effectively. This model improves the ability to
capture temporal dependencies and identify critical features in the data.

2. By integrating sequential learning and pattern recognition capabilities, the proposed method
demonstrates superior performance in predictive modeling, surpassing traditional approaches
like HMM, SVM, and RNN.

3. The findings offer significant implications for healthcare informatics, particularly in enabling
personalized medicine by identifying potential treatment targets and optimizing diagnostic and
therapeutic strategies through improved gene expression analysis.

RELATED WORKS

Gene expression analysis has been extensively studied and deployed to investigate several strategies
for separating the intricate relationships in biological data (José-Garcia et al., 2023). From more con-
ventional statistical techniques to cutting-edge machine learning approaches, the body of present re-
search covers a large spectrum of methods (Mehta et al., 2021).

LSTM shows potential in many different disciplines. Still mostly unknown, nevertheless, is their be-
havior with data on gene expression (Ali et al., 2023; Liu et al., 2023; Manikandan et al., 2022; Paul et
al., 2022; Shesayar et al., 2023; Siswantining et al., 2021; Sivakumar & Shankar, 2022).

Pattern recognition findings reveal that SVMs run very effectively. SVMs have shown promise in de-
veloping potential biomarkers and classifying cancer subtypes by means of gene expression patterns.
Although they are quite good at capturing complex decision boundaries, SVMs have often not been

applied for temporal data such as gene expression time series (Liu et al., 2020).

Combining LSTM with SVM is a unique and inspiring approach to get past the limitations of the cur-
rent applied techniques. Integration of these models has gained less interest in the field of gene ex-
pression analysis than it could have. Combining the sequential learning powers of LSTM with the ca-
pacity of SVM to improve and discover fundamental features helps one to build a prediction model
that is both more accurate and more clearly interpretable. Bikku et al. (2024) investigated hybrid
models for time-series genomic data, emphasizing the synergy between sequential learning and fea-
ture refinement techniques. Combining the sequential learning powers of LSTM with the capacity of
SVM to improve and discover fundamental features helps one to build a prediction model that is
both more accurate and more clearly interpretable. This combination captures temporal links rather
successfully, addressing the limitations of standalone models.

When one compares the proposed LSTM-SVM approaches with other traditional approaches, includ-
ing HMM, SVM, and RNN, the LSTM-SVM models demonstrate better accuracy and performance.
Higher accuracy and memory of the LSTM-SVM approach contribute to these advantages. Hence,
utilizing LSTM with SVM approaches delivers a fresh perspective on gene expression datasets, offer-
ing a new option for the healthcare sector.

The higher silhouette score indicates how relevant the model is in revealing important patterns in
gene expression data. This score supports the model’s capacity to generate coherent and original gene
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groups. For example, recent studies by Batchu et al. (2024) and Srinivasu et al. (2024) further corrob-
orate the importance of hybrid approaches in improving clustering performance and interpretability
in biomedical datasets. These findings reinforce the potential of LSTM-SVM integration to uncover
meaningful insights in gene expression analysis, bridging the gap and offering robust solutions for
healthcare applications.

PROPOSED METHOD

Two components of the given approach are SVM for precise pattern recognition and LSTM net-
works for temporal modeling. This new approach intends to improve the biclustering of gene expres-
sion data by offering a whole in-nature solution catching both main traits and temporal correlations,
as in Figure 1.

Data Preprocessing

LSTM Temporal Modeling

Biclustering Initialization

SVM Parametric

Optimization for Biclustering

Iterative Refinement

Convergence Check

Final Biclusters

Figure 1. Proposed blustering framework

The study maintains using the learned decision boundaries from the SVM to the gene cluster assign-
ments until convergence or a stopping condition is attained. The genes more fit for the rest of the
cluster should be conserved even while those that do not fit should be reclassified. The SVM settings
must be changed to match the amended gene cluster assignments. The change done to the enlarged
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cluster structure increases the SVM’s discriminative capacity at this level. Examine the gene cluster
assignments to verify whether SVM parameters have been altered to guarantee convergence or
whether they are steady. Below is the recommended LSTM-SVM biclustering technique.

ALGORITHM: LSTM-SVM BICLUSTERING
Input:

Gene expression dataset with temporal information.
Output:

Biclusters of genes with similar expression patterns.

e Normalize the gene expression data to handle variations in magnitude.
e Arrange the data in a temporal sequence for input to the LSTM.
e Configure the LSTM architecture:

e Define the number of LSTM units and input dimensions.
e Specify the activation function, loss function, and optimization algorithm.
e Train the LSTM on the preprocessed gene expression data to capture temporal dependencies.
e Obtain LSTM-generated embeddings representing temporal features of genes.
e Utilize the LSTM embeddings to initialize an initial set of gene clusters.
e Apply a clustering algorithm to group genes based on their temporal expression patterns.
e For each initialized gene cluster:

e [Extract the gene expression profiles within the cluster.

o Configure SVM parameters:

e Define kernel function
e Define regularization parameter

e Train the SVM on the gene expression profiles to optimize and refine the clusters.

e Obtain refined SVM-generated clusters within the temporal context.
e Iteratively refine the gene clusters by repeating steps 2-4:

e Reapply LSTM to update temporal features based on refined SVM clusters.

o Refine clusters with SVM to enhance accuracy and precision.
e Evaluate the final biclusters for coherence and significance.
e Apply metrics such as silhouette score or other validation measures to assess cluster quality.
e Obtain the final set of biclusters.

LSTM BICLUSTERING

With biclustering to probe gene expression data in great depth, including temporal correlations, the
LSTM Biclustering approach uses LSTM networks. The first processing of the gene expression da-
taset employs several preprocessing approaches. These processes will standardize the data and organ-
ize it temporally to suit LSTM input.

In terms of input dimensions, activation function, loss function, optimization approach, and LSTM
unit count, the LSTM component follows. The LSTM can learn by training on past processed gene
expression data, therefore acquiring knowledge and encoding the temporal correlations inherent in
the dynamic biological system. Producing embeddings reflecting the temporal properties of the genes
allows the LSTM to develop a more thorough awareness of the sequential patterns in the data.

Following the end of the biclustering initiation process, the first set of gene clusters is generated with
obtained embeddings from the LSTM. A clustering method helps classify genes according to their
expressed patterns. Beginning this process helps one to identify coherent groupings with consistent
behavior over extended times.
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The approach uses support vector machines (SVM) for parametric optimization inside every gene
cluster and follows the LSTM-based initialization. SVM parameters are set using gene expression pro-
files for every cluster. Among others, these values represent the kernel function and the regularizing
factor. Next is training the SVM, which helps to expose significant aspects of refining the clusters.
One does this using the reference to profiles of gene expression. This guarantees a more exact and
simpler understanding of the biclusters, therefore advancing our knowledge of the kinetics of gene
expression.

Using SVM clusters previously tuned, the LSTM Biclustering technique iteratively updates temporal
properties. Then, the method once again enhances the clusters using SVM. Through iterative devel-
opment, the model can react to the subtleties of the data, therefore increasing the accuracy of its pre-
dictions by way of suitable capture of intricate temporal correlations and gene cluster optimization.

The approach produces highly defined biclusters that are then used to illustrate groups of genes
showing comparable over-time expression trends. The post-processing stage is marked by analyzing
and interpreting these biclusters in the scope of their biological importance. This is done for critical
information on regulatory systems, gene interactions, or biomarkers. Within the realm of healthcare
informatics, the all-encompassing LSTM Biclustering approach increases our knowledge of gene ex-
pression dynamics.

Driven by a set of equations defining its behavior, the LSTM cell is the fundamental building unit of
the network. Assume I/ and U are the LSTM parameters; let the input vector be x;, the output vector
be ht, and the cell state C7.

Z.;ZO'([/W' Xyt Uj/?;—7+bl)
Ji=o(Wi xi +Uh-1+5))
Cf:j(f"Cf—7+Z.f'C,f
C=tanh(We* x; +Uch-1+bc)
b[:w fﬂﬂ/?(C;)
0o=0(Wo+x; +U,b-1]+b,)
where

7 - input gate output

/- forget gate output

C; - cell state

C’ - candidate cell state

b; - hidden state

0, - output gate output

tanh - hyperbolic tangent activation function

o - sigmoid activation function
[hi—1, x,] - represents the concatenation of the previous hidden state and the current input

ALGORITHM: LSTM BICLUSTERING
Input:

Gene expression dataset with temporal information
Output:

Biclusters of genes with similar expression patterns

e Normalize the gene expression data to handle variations in magnitude.
e Structure the data into a temporal sequence suitable for LSTM input.
e Configure the LSTM architecture:
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e Define the number of LSTM units
e Define input dimensions
e Define activation functions
e Define loss function
e Train the LSTM on the preprocessed gene expression data to capture temporal dependencies.
e Obtain LSTM-generated embeddings representing temporal features of genes.
e Use the LSTM-generated embeddings to initialize an initial set of gene clusters.
e Apply a clustering algorithm (e.g., K-means) to group genes based on their temporal expres-
sion patterns.
e This forms the foundation for identifying clusters that exhibit similar behaviors over time.
e Iterate through the following steps until convergence:

Reapply LSTM to update temporal features based on the current gene clusters.

Utilize the updated embeddings for the next biclustering iteration.

Apply a biclustering algorithm using the LSTM-generated embeddings.
¢ Refine gene clusters based on the temporal information encoded by LSTM.

e Check for convergence criteria for minimal changes in LSTM embeddings.

e If convergence is achieved, proceed to the next step; otherwise, return to the iterative refine-
ment.

o Obtain the final set of biclusters representing groups of genes with similar expression patterns
over time.

SVM PARAMETRIC OPTIMIZATION FOR BICLUSTERING PROCESS

SVM parametric optimization for biclustering is a technique whereby gene clusters within a frame-
work built on biclustering are improved and optimized. A cluster begins with an already-existing col-
lection of gene clusters produced in a previous stage (such as hierarchical clustering, K-means, and
LSTM biclustering). Cluster optimization begins right here. Discover and then extract the profiles of
gene expression found within every initialized gene cluster. These pertinent profiles indicate how
genes might evolve in response to particular stimuli or with time. One must choose a kernel function
— linear, Poisson, RBF, etc. — to design SVM with suitable parameters customized to every gene clus-
ter. Changing the regularisation value (C) will help control the trade-off between classifying the train-
ing points and generating a smooth decision boundary. Some of the other hyperparameters should be
changed to match the clustering operation criteria and the gene expression data features. Using the
above-described parameters enables one to teach an SVM for every gene cluster. Eventually, the
SVM is trained to discriminate between groups of genes with similar expression patterns, thus refin-
ing the definition of gene subgroups.

The study maintains using the learned decision boundaries from the SVM to the gene cluster assign-
ments until convergence or a stopping condition is attained. The genes more fit for the rest of the
cluster should be conserved even while those that do not fit should be reclassified. The SVM settings
must be changed to match the amended gene cluster assignments. The change done to the enlarged
cluster structure increases the SVM’s discriminative capacity at this level. Check whether the gene
cluster assignments are stable or whether SVM parameters have been adjusted to guarantee conver-
gence. Assuming convergence has been reached, go beyond. Should this prove not to be the case, re-
turn to the optimizing iterations. Using SVM parametric optimization, retrieve the collection of ide-
ally optimized gene clusters. More so than others, the expression patterns of the clusters used to rep-
resent these gene groupings satisfy the specified criteria. The genes themselves speak for these cate-
gories. We improve the produced gene clusters by iteratively optimizing using SVM under a bicluster-
ing framework. This leads to a better knowledge of the functional biological systems.
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BrcrustERING GENE EXPRESSION DATA

Biclustering gene expression data aims to find groupings of genes whose expression patterns (Table
1) coincide under specified conditions or at specified time intervals. By means of their homogeneity,
this method enables one to identify genes with like activities that might be connected to common bi-
ological processes.

Table 1. Sample dataset

Gene/sample Samplel | Sample2 | Sample3 Sample10
Genel 2.5 3 1.8 2.2
Gene2 1 1.2 0.9 1.5
Gene20 4 3.8 4.2 3.9

Imagine a dataset for gene expression with rows of genes and columns of samples whereby every
item indicates the degree of expression of the gene in a given sample. Our goal is to identify group-
ings of genes (T'able 2) whose expression patterns match across numerous samples, so we will cluster
the data using two alternative methods. Imagine a small gene expression matrix including ten samples
and twenty genes.

Table 2. Grouping

Gene/sample Sample2 Sample3 Sample?
Genel 3 1.8 2.5
Gene5 1.2 1 1.1
Genel2 4.2 4 3.8

Using a biclustering approach, one can identify groups of genes whose expression is stable across
samples. In one such experiment, for instance, biclusters can show rising genes. Samples 2, 3, and 7
consistently indicate multiple genes — Gene 1, Gene 5, and Gene 12 — that the biclustering method
detects in expression patterns.

Based on the bicluster observed, Gene 1, Gene 5, and Gene 12 could be co-regulated or associated
with a shared biological process unique to the conditions shown by Sample 2, Sample 3, and Sample
7. Repeated biclustering allows one to identify additional gene subsets exhibiting a range of expres-
sion patterns over a spectrum of sample subsets, therefore enabling a more in-depth knowledge of
the dynamics of gene expression inside the dataset. Finding functionally connected genes allows one
to grasp the biological processes under research. Bicoloring the data on gene expression is one smart
way to do this.

EXPERIMENTAL VERIFICATION

Using a biclustering approach, one can identify groups of genes whose expression is stable across
samples. In one such experiment, for instance, biclusters can show rising genes. Samples 2, 3, and 7
consistently indicate multiple genes — Gene 1, Gene 5, and Gene 12 — that the biclustering method
detects in expression patterns. Based on the bicluster observed, Gene 1, Gene 5, and Gene 12 could
be co-regulated or associated with a shared biological process unique to the conditions shown by
Sample 2, Sample 3, and Sample 7. Repeated biclustering allows one to identify additional gene sub-
sets exhibiting a range of expression patterns over a spectrum of sample subsets, thus enabling a
more in-depth knowledge of the dynamics of gene expression inside the dataset. Finding functionally
connected genes allows one to grasp the biological processes under research. Bicoloring the data on
gene expression is one smart way to do this.
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Table 1. Experimental settings

Experimental setup Values

Number of LSTM Units 64

Input Dimensions 30

Activation Function Tanh

Loss Function Mean Squared Error
Optimization Algorithm Adam

Learning Rate 0.001

Number of Epochs 50

Kernel Function Radial Basis Function (RBF)
Regularization Parameter (C) | 1

SVM Iterations 20

The LSTM-SVM strategy, with improvements throughout a wide spectrum of performance criteria
(Figures 2-7), beats other methods, including HMM, RNN, and SVM.
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Figure 3. Precision
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Figure 7. Computational time

Combining LSTM with SVM is a unique and inspiring approach to get past the limitations of the cur-
rently employed techniques. The integration of several models has gotten less attention in the field of
gene expression analysis than might have been expected. Combining the sequential learning powers
of LSTM with the capacity of SVM to improve and discover fundamental features helps one to build
a prediction model that is both more accurate and more clearly interpretable. Apart from other stand-
ard techniques, including HMM, RNN, and SVM, the proposed method LSTM-SVM provides 10%
increased accuracy in addition to a 7% recall rate improvement. This was evident from the roughly
8% rise in the F-measure, a test of balance between accuracy and recall. Comparatively to other tech-
niques, including HMM, RNN;, and SVM, it also shows a 9% increase in Silhouette Score.

Calculating based on accuracy, precision, recall, F-measure, and silhouette score, LSTM-SVM proves
to be better than eatlier techniques. Moteover, this one is more practical and efficient than the oth-
ers. In the field of healthcare informatics, the noted increases indicate the possibilities of this method
to execute efficient and consistent biclustering of gene expression data.

CONCLUSION

When one compares the proposed LSTM-SVM approaches with other traditional approaches, includ-
ing HMM, SVM, and RNN, they have better accuracy and performance than others. Higher accuracy
and memory of the LSTM-SVM approach are aspects that lead to these features; hence, utilizing
LSTM with SVM approaches delivers a fresh view of gene expression in the dataset, which offers a
new option for the healthcare sector. The higher silhouette score indicates how relevant the model is
in revealing important patterns in gene expression data. The higher silhouette score supports the
model’s capacity to generate coherent and original gene groups.

To further validate the efficacy of the proposed LSTM-SVM hybrid approach, future research should
focus on applying this model to real-world gene expression datasets. Using such data will provide ro-
bust evidence of the model’s applicability in practical scenarios, such as predicting disease progres-
sion, identifying biomarkers, or classifying cancer subtypes. Real-world data would also enable com-
prehensive benchmarking against other state-of-the-art methods, further establishing the superiority
of the LSTM-SVM integration. Additionally, exploring the model’s adaptability to various types of
omics data, such as proteomics or metabolomics, could broaden its utility and uncover novel insights
across different biological domains.
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