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ABSTRACT

Unlabeled data is a significant problem in healthcare and other fields that deal with huge datasets.
Unsupervised learning has the potential to be an effective solution in this case. The use of
unsupervised algorithms in disease diagnosis has not been widely explored. In this work, we have
developed a clustering algorithm to analyze the gliomas using Magnetic Resonance Imaging (MRI)
data. Glioma is a severe medical illness that necessitates an accurate and timely diagnosis to establish
effective treatment options. We used Pyradiomics to extract radiomic characteristics from MRI
scans, which were then fed into a number of clustering methods, with cluster fitness assessed using
primary assessment metrics. The best clustering algorithm was used as the pre-processor and to
train major classification algorithms. In this study, we examined the performance of three prominent
clustering algorithms, with agglomerative clustering outperforming the others. We achieved 0.83
Silhouette Coefficient, 0.21 Davies-Bouldin Index, and 323.22 Calinski-Harabasz Index values
using aggregative clustering using Pyradiomics features. The decision tree strategy outperformed
all classification methods, achieving 99.54% accuracy when clustering was applied to preprocess
the data before classification. The proposed work has considerable potential for faster and more
accurate analysis of medical image problems, especially in gliomas.
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specified by the World Health Organization (WHO). Grades 1 and 2 are considered low-
grade gliomas, grade 3 is astrocytoma, and grade 4 is classified as glioblastoma (Chen et
al., 2017). Grade 3 and grade 4 are classified as the aggressive category. A biopsy is the
standard approach to diagnosing glioma. It is a surgical procedure that involves taking the
sample from the affected area for pathological examination. Analysis using biopsy provides
accurate results. However, it has certain drawbacks, such as proliferation, the need for
mastery, time obligation, and the possibility of more cancer growth. Magnetic Resonance
Imaging (MRI) is a non-invasive, non-surgical, quick imaging technology and a viable
alternative for glioma analysis (Tupe-Waghmare et al., 2021).

The status of Isocitrate Dehydrogenase (IDH), the codeletion status of 1p19q, and the
methylation status of O6-methylguanine-DNA-methyltransferase (MGMT) are the major
molecular features for the diagnosis of gliomas. Monitoring the status of these biomarkers
is important for evaluating the glioma profile and anticipating prognosis (Zheng et al.,
2020). However, advanced techniques and medical procedures are required to analyze
the status of these biomarkers using MRI images. An alternative diagnosis approach is to
use data-driven decision-making using artificial intelligence. Artificial intelligence and
machine learning algorithms are efficient and successful tools that assist physicians and
support them in making decisions, boosting their confidence in making accurate diagnoses.

Unsupervised learning approaches are commonly used where data labeling is
impossible or required. It is mainly applied to identify correlations in data. Labeling
the data requires a high level of clinical skills in healthcare applications. Thus, it can be
costly and time-consuming (Dike et al., 2018). Clustering is mainly adopted when a novel
disease is most likely to happen with no prior medical records. Unlike supervised learning
algorithms, where we train the model based on labeled data with already recorded values,
unsupervised learning uses unlabeled data to identify unique patterns, relationships, or
clusters. The unavailability of labeled data in clustering algorithms becomes a substantial
barrier to evaluating the quality and validity of the clusters formed. Unsupervised clustering
methods such as K-Means, Fuzzy clustering, Hierarchical clustering, and Kernel K-Means
are commonly implemented; however, the model’s efficiency is dependent on their ability
to validate results (Govender & Sivakumar, 2020).

Naeem et al. (2023) have analyzed unsupervised learning techniques, including the
Apriori algorithm, frequent pattern growth algorithm, k-means clustering, and principal
component analysis. The clustering approaches are mainly categorized into two types:
hierarchical clustering and partition clustering. The applications of unsupervised learning in
domains such as machine vision, speech recognition, self-driving cars, and natural language
processing have been highlighted in this review paper. Like machine learning approaches,
unsupervised techniques do not require labeled data or manual feature selection, which
causes flexibility and automation issues. Supervised learning techniques are used in most
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healthcare research involving automated disease detection. Despite these, unsupervised
learning techniques remain underexplored, especially in applications like disease prediction.
In recent work, Mansour et al. (2021) developed an innovative unsupervised model called
a variational autoencoder to predict COVID-19 cases. They trained and tested the model
through several experiments, demonstrating its impressive performance, achieving high
accuracy rates of 98.7% for binary classification and 99.2% for multi-class classification.

Bibi et al. (2022) have shown that unsupervised learning can be a good option for
solving classification problems. Their research used concept-based and hierarchical
clustering methods to analyze Twitter sentiments. The authors have combined popular
hierarchical clustering techniques like single linkage, complete linkage, and average linkage
in sequence. The authors have shown that unsupervised learning techniques, like supervised
learning methods, can perform well. In a study by Zhang et al. (2023), hyperspectral
imaging (HSI) and unsupervised classification techniques were used to identify normal
and necrotic areas in small intestinal tissues. K-means and density peaks (DP) clustering
algorithms were utilized to distinguish between these tissue types. Their results showed
that the DP clustering algorithm attained an average clustering purity of 92.07%. They have
concluded that HSI, along with DP clustering, can assist doctors in identifying normal and
necrotic tissue in the small intestine.

Bhattacharjee et al. (2022) proposed unsupervised learning approaches to distinguish
between benign and malignant stages of the prostate gland using images. Radiomic
characteristics have been extracted from the entire slide image using important clustering
techniques such as spectral clustering, agglomerative clustering, K-means, K-medoids, and
the Gaussian mixed model (GMM). These methods were assessed using Silhouette and
Rand scores. It was found that the best results were generated for the K-means algorithm.
Song et al. (2023) used Chest X-rays to detect pneumonia. They used and analyzed
unsupervised learning techniques for the detection. The X-ray pictures were transformed
to grayscale and scaled to consistent dimensions. The radiometric characteristics were
retrieved. Two algorithms were used for clustering, i.e., k-means clustering and spectral
clustering. For spectral clustering, the Silhouette Coefficient, Davies-Bouldin Index,
and Calinski-Harabasz Index values were 0.44, 1.025, and 311.5, respectively, while for
k-means clustering, the values were 0, 8 and 0.28.

Unsupervised learning techniques study glioma analysis, focusing mainly on brain
tumor segmentation (Bougacha et al., 2018). In many research studies, unsupervised
learning techniques are used as part of their pipeline to segment the Region of Interest (Rol)
and then supervised learning techniques are applied to improve the results. According to
our current analysis, only a countable number of research have implemented unsupervised
learning for preprocessing to cluster and identify subgroups in gliomas. The proposed
research aims to provide a clustering technique for automatically detecting the status of
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IDH biomarker index and grade of gliomas from MRI data. This is done by extracting
radiomic features and using preprocessed data to improve the classification algorithm’s
performance. This generic framework can cluster patients based on common features,
which can be highly advantageous for disease analysis. A public glioma dataset is used
to test and verify the proposed methodology. The proposed method can be applied to any
medical imaging resource for disease analysis, including those without labels.

MATERIALS AND METHODS

Our work used the Cancer Genome Atlas (TCGA) dataset (Ganini et al., 2021). TCGA
has genetic, clinical, and imaging data related to glioblastoma. MRI scans of patients,
information on grades, and other biomarkers are present in the dataset. This study inspected
210 3D volumes of grades 3 and 4 with IDH mutation status using T1-weighted, Fluid-
Attenuated Inversion Recovery (FLAIR), and T2-weighted modalities (Al-Saeed et al.,
2009). Figure 1 portrays the workflow for the proposed method. Statistical features are
repossessed from the generated 3D volumes and used to create clustering algorithms.
Trimming the image eliminates unwanted sections and emphasizes areas of interest. Here,
several slices from the volume that do not contain gliomas have been deleted as we are
interested mainly in gliomas. Based on this objective, the volumes were condensed and
normalized to have voxel values ranging from 0 to 1. In our work, three main clustering
algorithms: K-means clustering, agglomerative clustering, and Balanced Iterative
Reducing and Clustering (BIRCH) (Wahyuningrum et al., 2021; Madan & Dana, 2016) are
implemented. These models’ performance is evaluated by assessing various performance
metric values.

Validation Visualization
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Figure 1. Workflow for the proposed approach
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Feature Extraction and Reduction

The Pyradiomics module was used for automated feature extraction (Van Griethuysen
et al., 2017). Pyradiomics is the Python package commonly used to extract features
from images. The automated feature extractor tool automatically computes and extracts
relevant statistical features from the data. This tool uses the image and the mask as input
for feature extraction. The model has extracted 120 features from each medical image
and mask data using statistics, shape, Gray Level Co-occurrence Matrix (GLCM),
Gray Level Run Length Matrix (GLRLM), Gray Level Size Zone Matrix (GLSZM),
Neighboring Gray Tone Difference Matrix (NGTDM), and Gray Level Dependence
Matrix (GLDM).

The features extracted are First Order Statistics (19), Shape-2D (16), Shape-3D
(10), GLCM (24), GLRLM (16), GLSZM (16), NGTDM (5), and GLDM (14). The
generated dataset has 120 columns, which is extremely complex. Processing such a
huge number of columns is time-consuming and can be expensive. This can result
in postponed training of the clustering algorithms. This issue is addressed by using
a suitable dimensionality reduction technique. Dimensionality reduction has to be
performed before implementing the clustering algorithm. This work utilized the
Principal Component Analysis (PCA) technique to minimize the dimensions (Jolliffe
& Cadima, 2016). It is the best technique to deal with the challenges when a greater
number of features are available per specimen.

Clustering Models

Three major clustering algorithms, K-means clustering, agglomerative clustering, and
BIRCH, have been implemented and compared in our study. K-means is a well-known
unsupervised clustering algorithm. It is the simplest technique, but it can handle complex
data sets. Initially, centroids equivalent to a number of clusters are formed. Then, the
distance between each data point and all the centroids is calculated. Next, the centroids are
figured once again with the previously computed distance. This process is repeated until
the centroids converge and remain constant (Wahyuningrum et al., 2021). Agglomerative
clustering is a hierarchical and unsupervised learning method. A bottom-up approach is
used in this process. Link distances are calculated based on the resemblance between
two data points. Every data point is part of a single cluster, and the nearby points are
combined using distance-based linkages. This method is repeated until all data points
have been combined into a single cluster (Griffiths et al., 1984). BIRCH is another
hierarchical clustering procedure. If the data set contains multiple features and is also
huge, even then, this dynamic clustering method performs well. This method clusters data
points using a height-balanced methodology and a feature tree (Madan & Dana, 2016).
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Classification Models

We have used seven different machine-learning classification algorithms in this study.
These include Support Vector Machine (SVM), Naive Bayes, KNN (K-Nearest Neighbor),
Logistic Regression, Decision Tree, Random Forest, and Extreme Gradient Boosting
(XGBoost) (Bhaskar, Bairagi et al., 2023). Logistic regression is a simple classification
algorithm, and it is mainly used for binary classification problems. It uses the most common
sigmoid activation function on the input data and classifies the output based on a certain
limit.

Support Vector Machine is a commonly used machine learning technique as it is highly
flexible. In Naive Bayes, the conditional probability of each attribute is examined separately
using the Bayesian theorem principle. K-Nearest Neighbor is a learning approach that does
not rely on labeled data, and it attempts to map a new data point to its nearest neighbor
and perform the grouping accordingly. Decision trees and random forests are tree-based
models. They make use of entropies and information gain to make predictions. XGBoost is
another ensemble learning method that uses boosting to gain greater accuracy (Choudhary
et al., 2022; Bhaskar, Tupe-Waghmare et al., 2023).

RESULTS AND DISCUSSION

The features extracted from the MRI images are converted to a CSV data file with a
dimension of 70,128, with 128 features extracted from each of the 70 MRI volumes. We
have performed clustering using the three unsupervised algorithms considered in this study.
Three major performance parameters, the Silhouette Coefficient, Davies-Bouldin Index, and
Calinski-Harabasz Index values (Ashari et al., 2023), were used to evaluate the performance
of these models. The Silhouette Coefficient is calculated using the following Equation 1:

S@ = (b)) — a@®) /max{a(),b(D)} [1]

where S(i) is the Silhouette Coefficient for data point i, a(i) represents the intra-cluster
distance, and b(i) represents the inter-cluster distance.

Davies-Bouldin matrix index is used to measure the cluster fitness. This method can
be used to assess the suitability of various data divisions. The goal is to bring this index as
near to zero as possible. The following Equation 2 represents the formula for the Davies-
Bouldin index:

DB = (1/k) * X(i =1to k) max(R(ij)),wherei # j [2]

Where k is the number of clusters, and R(ij) is the measure of dissimilarity between cluster
I and cluster j.
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The Calinski-Harabasz Index is theoretically determined as the inter-cluster and intra-
cluster dispersion ratio. A higher value for this index indicates that the observations within
each cluster are dense and well-separated (Aik et al., 2023). Calinski-Harabasz Index value
can be determined with the following Equation 3:

CH=@B/(k-1)/W/({H - k) (3]

Where B is the variation between clusters, k is the number of clusters, W is the variance
inside the clusters, and n is the total number of data points.

Table 1 displays the results of various clustering algorithms, both with and without
PCA feature reduction. The Agglomerative clustering algorithm outperformed all other
algorithms in our analysis, producing the highest Silhouette Coefficient and Calinski-
Harabasz Index scores and the lowest Davies-Bouldin Index scores. PCA has significantly
enhanced the performance of unsupervised algorithms, with scores increasing almost
double when compared to algorithms trained on the same dataset without PCA. Figure
2 shows scatterplot representations of K-means and BIRCH clustering techniques with
and without PCA. The scatterplots produced show the separation of clusters generated
by various clustering approaches. Each point on the plot represents a data point, and the
values of the features define its location. The scatter plot generated for the agglomerative
clustering algorithm is shown in Figure 3. The plot clearly distinguishes between categories,
indicating that the clustering method effectively groups comparable data points.

The dendrogram diagram of the agglomerative clustering showing the hierarchical
relationships between different entities is depicted in Figure 4. Entities refer to the
individual data points clustered by the agglomerative clustering technique. Each branch
of the dendrogram symbolizes the merging or splitting of clusters, and the length of the
branches reflects the clusters’ dissimilarity or distance. The dendrogram illustrates the
graphical depiction of the clustering results that allow for a better understanding of the
links between distinct data points or clusters.

Table 1
Performance metrics obtained for different models compared in this study
Clustering Feature Silhouette Davies-Bouldin  Calinski-Harabasz
Algorithm Reduction Coefficient Index Index
K-means No 0.399 1.21 78.06
PCA 0.529 0.70 300.9
Agglomerative No 0.77 0.37 69.5
PCA 0.83 0.21 323.22
BIRCH No 0.242 1.51 70.2
PCA 0.55 0.64 265.05
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Figure 2. Scatterplot representations (a) K-Means clustering with and without PCA (b) BIRCH clustering
with and without PCA
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Figure 3. Scatterplot representations for Figure 4. The dendrogram diagram for the
agglomerative clustering with PCA agglomerative clustering algorithm
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Clusters are produced more effectively using PCA. In high-dimensional spaces,
the distance between points can become meaningless, and data points can be sparsely
distributed. PCA decreases dimensionality by focusing on the most relevant features,
resulting in more meaningful distances and clearly defined clusters. As seen in Figure 3,
all clustering algorithms struggled to discriminate between the green and dark blue color
groups. These clusters potentially correspond to data points from the G3 mutant and G4 wild
classes, which have been clinically shown to be significantly related. Additional clustering
approaches can help provide a more complete picture of the data’s intrinsic structures.
Combining results from different clustering algorithms using ensemble approaches may
improve overall clustering performance. Integrating autoencoders into the process can
also help to increase feature learning.

Out of the three clustering approaches examined in this study, agglomerative clustering
produced the best results and was thus selected as the pre-processor. The labels acquired
from agglomerative clustering are used to train classification algorithms. We measured the
primary performance parameters to evaluate the models’ performance. Table 2 shows the
supervised classification algorithms’ accuracy, precision, and recall values on the training
and testing sets after applying the clustering technique. Figure 5 shows a visual comparison
of the validation accuracy of the training models.

It is apparent that using agglomerative clustering as a preprocessing step improves
the performance of classification systems. We observed an average improvement of
nearly 3 percentage points in accuracy after incorporating agglomerative clustering as
a preprocessing step. By structuring data into meaningful clusters before training, we
observed accuracy, precision, and recall metrics improvements across various classification
algorithms. This approach optimizes model training and facilitates better pattern recognition
and predictive accuracy in complex datasets. The SVM and Naive Bayes models achieved
less than 90% validation accuracies, while the other models produced more than 90%
validation accuracies. The validation accuracy of 99% was achieved for the decision tree

Table 2
Performance evaluation of machine learning techniques with clustering
Training Data Validation
Models
Accuracy Precision Recall  Accuracy Precision Recall
SVM 80.6 93.75 81.11 76.19 92.64 82.14
Naive Bayes 92.72 88.57 96.06 83.33 71.38 90.47
KNN 97.57 98.78 92.23 95.23 97.17 97.17
XGBoost 100 100 100 95.23 97.17 97.17
Logistic Regression 100 100 100 97.61 98.33 98.95
Decision Tree 100 100 100 99.54 99.33 99.33
Random Forest 100 100 100 99.34 99.12 99.12
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Figure 5. Comparison of the validation accuracy of the training models with clustering

and random forest. In addition, the precision and recall scores are very high, which justifies
that the models were properly trained. The models have not shown signs of overfitting,
with just a negligible variation in training and testing performance. The clustering approach
grouped the grade and IDH based on similarities, which may have assisted the machine
learning models in better training, thus enhancing the performance. Furthermore, reducing
the dimensions using PCA before clustering also improved the performance of all three
techniques, with a 7% increase in silhouette coefficient and a 16% decrease in the Davies-
Bouldin score.

It is clearly noted that machine learning algorithms trained on clustered datasets
consistently performed better than those on datasets without clusters in terms of accuracy,
precision, and recall. Models like XGBoost, decision tree, and random forest exhibited
momentous overfitting on the unclustered dataset, which was eased when clustering was
applied. These implementations have supported the fact that, by integrating clustering
techniques in the preprocessing phase, the performance of the machine learning
algorithms is significantly uplifted in identifying grade and mutation status. This method
not only decreases the need for extensive dataset labeling but also streamlines the process
of anomaly detection in medical imaging applications. By integrating dimensionality
reduction techniques, we aim to increase efficiency by not compromising performance,
making this method a better choice for handling large, unlabeled datasets in healthcare
applications.

The unsupervised learning method proposed in this paper can significantly support
clinical practitioners, reducing the time and cost associated with diagnosing oncology
patients. This technique requires minimum labeling and thus allows clinicians to process
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and analyze large datasets of medical images effortlessly. Applying clustering techniques to
new patient data enables automatic annotation, which can then train supervised classifiers
for detecting abnormalities in new cases. Incorporating dimensionality reduction techniques
further improves algorithm efficiency and speed without reducing the performance.
Overall, this approach provides a powerful, time-saving solution for handling unlabeled
data, streamlining diagnostic workflows, and aiding in treatment planning in oncology.

CONCLUSION

In this paper, we have used statistical feature extraction techniques and classification
algorithms. Clustering of MRI images for glioma analysis using unsupervised algorithms is
presented. Accuracy and reliability are ensured by evaluating the results. The performance
of classification algorithms is significantly improved by using the proposed framework.
These machine learning algorithms have yielded results comparable to deep learning
techniques, with the advantage of lower computational costs. The agglomerative clustering
algorithm outperformed all other algorithms in our analysis, with the highest Silhouette
Coefficient and Calinski-Harabasz Index scores and the lowest Davies-Bouldin Index
scores. The decision tree-based model outperformed all classification approaches in the
testing set, achieving an accuracy of 99.54% when clustering was used as a preprocessing
step. The results show that the proposed system may be used for quick and accurate glioma
analysis without requiring computationally intensive hardware.
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