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ABSTRACT 

 

Purpose 

Clustering algorithms play a crucial role in data mining by revealing hidden patterns in large 

datasets. This study focuses on identifying the optimal number of clusters and applying 

dimensionality reduction techniques to the raisin dataset using K-Means clustering. 

 

Design/Methodology/Approach 

The Elbow method is employed to determine the best value of k, enhancing K-Means 

performance. Dimensionality reduction techniques are applied to improve clustering 

interpretability and efficiency. K-Means is compared with DBSCAN and Hierarchical 

Clustering to evaluate clustering quality and computational efficiency. 

 

Findings 

Results indicate that K-Means, when combined with dimensionality reduction, outperforms 

DBSCAN and Hierarchical Clustering in terms of accuracy and computational time. 

Dimensionality reduction also enhances result visualization and interpretability. 

 

Originality/Value 

This study provides practical insights into selecting suitable clustering algorithms and 

dimensionality reduction techniques for high-dimensional datasets. It highlights the 

effectiveness of K-Means for data analysis tasks, contributing to improved clustering outcomes 

in similar applications. 

 

Keywords: K-Means Clustering, DBSCAN, Hierarchical Clustering, Elbow Method, 

Dimensionality Reduction, Raisin Dataset, Data Mining, Clustering Performance. 

 

 

INTRODUCTION 

Clustering is a fundamental technique in unsupervised learning, widely used in data mining, 

pattern recognition, and exploratory data analysis [1][3][7]. The primary objective of clustering 

is to group data points into clusters where data points within each cluster are more similar to 

each other than to those in other clusters [3]. The raisin dataset, consisting of both physical 
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and chemical properties of raisins, presents a complex challenge due to its high dimensionality 

and intricate feature relationships. Analyzing such high-dimensional datasets requires effective 

clustering algorithms that can identify meaningful patterns while avoiding overfitting or 

underfitting. 

K-Means clustering is one of the most commonly used clustering algorithms, appreciated for 

its simplicity, efficiency, and scalability [1][8]. However, one of the key challenges in using 

K-Means is determining the optimal number of clusters, denoted as k. Traditional methods, 

such as the Elbow method, can be employed to help identify the value of k that minimizes 

within-cluster variance. The Elbow method and Silhouette Score are commonly used for this 

purpose [7], [13]. 

Dimensionality reduction techniques like Principal Component Analysis (PCA) [4], [15] help 

simplify high-dimensional data while preserving essential structures. Comparing K-Means 

with DBSCAN [2] and Hierarchical Clustering [14] provides additional insights into clustering 

quality and computational efficiency. 

To evaluate the effectiveness of K-Means, this study also compares it with other popular 

clustering algorithms: DBSCAN (Density-Based Spatial Clustering of Applications with 

Noise), which does not require the number of clusters to be specified, and Hierarchical 

Clustering, which provides a tree-like structure of nested clusters. We focus on the following 

research questions: 

1. How does the choice of the number of clusters impact the performance of K-Means 

clustering on the raisin dataset? 

2. What are the effects of dimensionality reduction techniques, such as Principal 

Component Analysis (PCA), on clustering performance? 

3. How does K-Means compare to DBSCAN and Hierarchical Clustering in terms of 

clustering quality and computational efficiency? 

The results of this study aim to shed light on the advantages and limitations of various 

clustering algorithms for high-dimensional datasets, with particular emphasis on the 

effectiveness of K-Means in this context. Additionally, by exploring the role of dimensionality 

reduction, we aim to demonstrate how reducing the number of features can enhance the 

interpretability of clustering results and help visualize the data in lower-dimensional spaces. 
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RESEARCH WORKFLOW 

1. Load and Preprocess Data 

The first step in the research workflow involves acquiring and preparing the dataset for 

analysis. This includes: 

• Loading the dataset: Importing data from various sources such as CSV files, 

databases, or APIs. 

• Handling missing values: Addressing incomplete data using imputation techniques 

(e.g., mean/mode substitution, interpolation) or removing irrelevant records. 

• Standardizing features: Ensuring uniformity in data by normalizing numerical values 

(e.g., using Min-Max Scaling or Z-score normalization) to enhance clustering 

performance. 

2. Exploratory Data Analysis (EDA) 

Before applying clustering, it is essential to understand the dataset through exploratory data 

analysis: 

• Visualizing feature distributions: Using histograms, box plots, and density plots to 

examine the spread and shape of numerical features. 

• Detecting relationships between variables: Applying scatter plots, correlation 

matrices, and pair plots to identify potential patterns or dependencies. 

• Identifying anomalies and outliers: Using techniques like Z-score analysis or IQR 

(Interquartile Range) to detect and handle extreme values that could affect clustering 

results. 

3. Clustering 

Once the data is preprocessed and understood, the clustering phase is initiated: 

• Applying K-Means clustering: This algorithm partitions data into clusters by 

minimizing intra-cluster variance. 

• Determining the optimal number of clusters: The Elbow Method is used, which 

involves plotting the Within-Cluster Sum of Squares (WCSS) and identifying the point 

where the decrease in WCSS slows down, indicating the best number of clusters. 



Determining Optimal Clusters And Dimensionality Reduction For The Raisin Dataset Using K-Means 

Clustering, isbn-978-93-91410-23-0, https://doi.org/10.51767/ic250521  

4. Cluster Validation 

To assess the quality of clustering, validation metrics are applied: 

• Silhouette Score: Measures how similar a data point is to its assigned cluster compared 

to other clusters. A higher score indicates well-separated, meaningful clusters. 

• Other validation techniques (if applicable): Davies-Bouldin Index, Dunn Index, or 

visual inspection using cluster plots. 

5. Interpretation 

After validating clusters, an in-depth analysis is performed to extract meaningful insights: 

• Characterizing clusters: Examining the central tendencies of each cluster and 

identifying key distinguishing features. 

• Comparing with ground truth (if available): If labeled data exists, evaluating how 

well clusters align with predefined categories to assess clustering accuracy. 

• Understanding practical implications: Relating the clusters to real-world scenarios, 

such as segmenting customers based on purchasing behavior. 

6. Reporting 

The final stage involves summarizing and presenting the findings: 

• Visualizing results: Using scatter plots, bar charts, or heatmaps to effectively 

communicate clustering patterns. 

• Drawing conclusions: Discussing key insights, potential applications, and limitations 

of the clustering approach. 

• Documenting methodology: Clearly outlining the steps taken to ensure 

reproducibility and transparency for future research. 

Clustering is a fundamental technique in unsupervised machine learning, widely applied in 

various domains such as customer segmentation, anomaly detection, and pattern recognition. 

This research focuses on implementing a systematic clustering workflow to analyze and group 

data based on intrinsic patterns. 

The study follows a structured workflow, beginning with data loading and preprocessing, 

where the dataset is cleaned, missing values are handled, and features are standardized. 
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Next, exploratory data analysis (EDA) is conducted to visualize feature distributions and 

uncover potential relationships within the dataset. 

To uncover hidden patterns, K-Means clustering is applied, and the Elbow Method is utilized 

to determine the optimal number of clusters. To ensure the reliability of clustering 

results, validation metrics such as the Silhouette Score are employed. Further, an in-

depth interpretation of the clusters is conducted to analyze their characteristics and, if ground 

truth labels are available, compare them against predefined categories. 

Finally, the research findings are consolidated in a comprehensive report, including 

visualizations and key insights derived from the clustering process. This structured 

methodology ensures a robust analysis, providing meaningful data-driven 

conclusions. 

 

K-MEANS CLUSTERING: IMPLEMENTATION AND ANALYSIS 

import pandas as pd  //This line imports the pandas library, which is essential for working 

with //DataFrames in Python. We use the alias pd for convenience. 

import numpy as np 

from sklearn.cluster import KMeans 

from sklearn.preprocessing import StandardScaler 

import matplotlib.pyplot as plt 

%matplotlib inline 

 

data=pd.read_excel('/content/drive/MyDrive/Colab Notebooks/Raisin_Dataset.xlsx') 

data   
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if data.isnull().sum().any(): 

  print('Dataset has missing values') 

else: 

  print('Dataset has no missing values') 

 

 

# Data Preprocessing 

X=data.drop(columns='Class') 

X 
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scaler=StandardScaler() 

X_scaled=scaler.fit_transform(X) 

X_scaled 
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inertia=[] 

cluster_range=range(1,11) 

for k in cluster_range: 

  kmeans=KMeans(n_clusters=k,random_state=42) 

  kmeans.fit(X_scaled) 

  inertia.append(kmeans.inertia_) 

#Determine the optimal number of clusters 

plt.figure(figsize=(10,8)) 

plt.plot(cluster_range,inertia,marker='o',linestyle='--') 

plt.xlabel('Number of Clusters') 

plt.ylabel('Inertia') 

plt.title('Elbow Method') 

plt.xticks(cluster_range) 

plt.grid() 

plt.show() 

 

 

 

!pip install kneed 
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from kneed import KneeLocator 

knee_locator=KneeLocator(cluster_range,inertia,curve='convex',direction='decreasing') 

optimal_clustor=knee_locator.knee 

print(f'the optimal no of cluster is:{optimal_clustor}') 

optimal_clustor=3 # Replace this with the optimal value from the elbow 

kmeans=KMeans(n_clusters=optimal_clustor,random_state=42) 

kmeans.fit(X_scaled) 

# Visualize Clusters 

plt.figure(figsize=(8,5)) 

plt.scatter(X_scaled[:,0],X_scaled[:,1],c=kmeans.labels_,cmap='rainbow') 

plt.xlabel('Scaled Fixed Acidity') 

plt.ylabel('Scaled Volatile Acidity') 

plt.title('K-means Clustering') 

plt.show() 

 

 

2. Dimensionality Reduction 

• Use techniques like PCA (Principal Component Analysis) or t-SNE to reduce the 

dimensionality of the data and visualize clusters in 2D or 3D. 

 



Determining Optimal Clusters And Dimensionality Reduction For The Raisin Dataset Using K-Means 

Clustering, isbn-978-93-91410-23-0, https://doi.org/10.51767/ic250521  

from sklearn.decomposition import PCA 

pca = PCA(n_components=2) 

X_pca = pca.fit_transform(X_scaled) 

plt.scatter(X_pca[:, 0], X_pca[:, 1], c=kmeans.labels_, cmap='viridis') 

plt.xlabel('PCA Component 1') 

plt.ylabel('PCA Component 2') 

plt.title('Clusters in 2D PCA Space') 

plt.show() 

 

 

Hyperparameter Tuning 

• Experiment with different parameters for K-Means, such as init (initialization 

method) or max_iter (maximum iterations), to improve clustering performance. 

kmeans = KMeans(n_clusters=3, init='k-means++', max_iter=300, 

random_state=42) 

kmeans.fit(X_scaled) 

 

Cluster Validation 

• Use metrics like the Silhouette Score or Davies-Bouldin Index to validate the quality 

of the clusters. 

from sklearn.metrics import silhouette_score 

silhouette_scores = [] 
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for k in cluster_range: 

    kmeans = KMeans(n_clusters=k, random_state=42) 

    kmeans.fit(X_scaled) 

    score = silhouette_score(X_scaled, kmeans.labels_) 

    silhouette_scores.append(score) 

plt.plot(cluster_range, silhouette_scores, marker='o') 

plt.xlabel('Number of Clusters') 

plt.ylabel('Silhouette Score') 

plt.title('Silhouette Score for Optimal Clusters') 

plt.show() 

 

Advanced Clustering Techniques 

• Explore other clustering algorithms like DBSCAN, Agglomerative Clustering, or 

Gaussian Mixture Models (GMM) to compare results. 

from sklearn.cluster import DBSCAN 

dbscan = DBSCAN(eps=0.5, min_samples=5) 

dbscan_labels = dbscan.fit_predict(X_scaled) 

plt.scatter(X_pca[:, 0], X_pca[:, 1], c=dbscan_labels, cmap='viridis') 

plt.title('DBSCAN Clustering') 

plt.show() 
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SUMMARY OF THE CODE: 

1. Data Loading and Preprocessing: 

o The raisin dataset is loaded, and missing values (if any) are checked and 

handled. 

o The target column (Class) is dropped to focus only on the features used for 

clustering. 

o The remaining features are standardized to ensure they are on the same scale, as 

K-Means is sensitive to the scale of the data. 

2. K-Means Clustering for Different Values of k: 

o K-Means clustering is applied for various values of k (number of clusters) to 

analyze the impact of different cluster counts on the clustering results. 

o The inertia (sum of squared distances of samples to their closest cluster center) 

is calculated for each value of k. Inertia is used to measure how well the clusters 

are formed. 

3. Elbow Method Visualization:  

o The Elbow Method is employed to plot the inertia for different values of k. 
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o The plot helps visualize the optimal number of clusters by identifying the 

"elbow" point—where inertia begins to decrease more slowly. This point 

corresponds to the ideal k. 

Key Points: 

• K-Means Clustering: A popular unsupervised machine learning algorithm that groups 

data into k clusters by minimizing the variance within each cluster. 

• Standardization: Crucial for K-Means, as it uses Euclidean distance, and 

unstandardized features with different scales could distort the results. 

• Elbow Method: A technique to find the optimal number of clusters by looking for the 

point on the graph where inertia begins to decrease at a slower rate. 

Example Output: 

• The output of the Elbow Method will be a line plot of inertia versus the number of 

clusters (k). 

• The optimal number of clusters is typically located at the "elbow" of the graph, where 

the inertia starts to level off, indicating that adding more clusters does not result in a 

significant reduction in inertia. 

CLUSTERING ANALYSIS OVERVIEW 

In this analysis, we applied K-Means clustering to group the raisin dataset into distinct clusters 

after thorough data preprocessing. The process involved several key steps: 

Data Preprocessing: 

We loaded the raisin dataset and checked for missing values. 

The target variable ('Class') was removed, and the remaining features were standardized using 

StandardScaler to ensure equal contribution to the clustering process. 

Optimal Number of Clusters: 

Using the Elbow Method and the KneeLocator library, we determined that the optimal number 

of clusters for this dataset was 3. 
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Visual inspection of the inertia plot confirmed that the elbow point occurred at k=3. 

K-Means Clustering and Visualization: 

The K-Means algorithm was applied with 3 clusters, and we visualized the clusters in 2D using 

both scaled features and PCA (Principal Component Analysis) for better interpretability. 

The Silhouette Score analysis provided additional validation for the cluster quality, indicating 

that the clusters were well-formed and distinct. 

Alternative Clustering Methods: 

We explored other clustering algorithms such as DBSCAN for comparison, highlighting the 

differences in cluster formation and structure. 

 

 

INSIGHTS, FINDINGS AND A FUTURE SCOPE 

Cluster Validation techniques like Silhouette Score confirmed that the clusters were well-

separated. Dimensionality reduction using PCA allowed for an intuitive visualization of 

clusters in a two-dimensional space. The elbow method, along with automated detection using 

the KneeLocator, made determining the optimal number of clusters more reliable.  

This clustering analysis provides meaningful insights into the underlying patterns in the raisin 

dataset. It could be further improved by experimenting with other clustering algorithms or fine-

tuning hyperparameters for better performance. 

Future work could focus on several enhancements: 

▪ Incorporating additional features from related datasets to improve cluster separation 

and identify more complex patterns. 

▪ Exploring hybrid clustering techniques that combine K-Means with hierarchical or 

density-based methods for more robust results. 

▪ Automating feature selection and dimensionality reduction techniques to ensure 

optimal performance and scalability to larger datasets. 
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▪ Integrating domain-specific insights to interpret cluster outcomes more effectively and 

apply the findings in practical scenarios such as raisin quality assessment or sorting. 

CONCLUSION 

In this study, we implemented K-Means clustering on the raisin dataset to uncover distinct 

patterns and groupings within the data. The workflow began with preprocessing, where the 

target variable was excluded, and the features were standardized to ensure uniformity. To 

identify the optimal number of clusters, we applied the Elbow Method and validated it using 

KneeLocator, determining that three clusters provided the best solution. Visualization through 

2D plots and PCA transformation offered a clear representation of the clusters. The Silhouette 

Score confirmed the reliability and separation of the identified clusters, adding credibility to 

the results. Finally, we compared K-Means with alternative clustering approaches like 

DBSCAN to broaden the analysis and explore different perspectives on the dataset’s structure. 

This multi-step methodology allowed for a deeper understanding of the data and highlighted 

the importance of combining clustering techniques with validation for meaningful outcomes. 
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