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Abstract 
The increasing complexity and dimensionality of modern datasets have necessitated 
the use of advanced machine learning techniques for effective data analysis. Our result 
highlights the accuracy comparison between supervised and unsupervised models, 
showing that supervised techniques such as Support Vector Machine and Random 
Forest achieve higher accuracy values ranging from 0.85 to 0.91, while unsupervised 
models such as K-Means and DBSCAN demonstrate lower performance between 0.70 
and 0.78. Further our study illustrates the relationship between error rate and data 
complexity, revealing that supervised models maintain lower error at lower 
complexity levels but become more sensitive as complexity increases, whereas 
unsupervised models show more stable but higher error rates. Also, our data provides 
a visualization of clustering patterns, demonstrating the capability of unsupervised 
learning techniques to identify underlying structures in data without labeled 
information. However, the lack of clear cluster separation highlights challenges in 
handling highly complex datasets. Also, our report presents the computational 
efficiency of different models, showing that supervised models require higher 
processing time, while unsupervised techniques offer faster performance but lower 
accuracy. Overall, the findings indicate that supervised learning techniques are more 
suitable for high-accuracy prediction tasks when labeled data is available, whereas 
unsupervised methods are valuable for exploratory data analysis and pattern 
recognition. The study emphasizes the importance of selecting appropriate techniques 
based on dataset characteristics and application requirements and highlights the 
potential of hybrid approaches for improving overall performance. 
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1. Introduction 

The rapid expansion of digital technologies has led to the generation of massive volumes of data across various domains, 

including healthcare, finance, social media, and industrial systems. These datasets are often complex, high-dimensional, and 

heterogeneous, posing significant challenges for traditional data analysis methods. As a result, machine learning techniques have 

become essential tools for extracting meaningful insights and supporting decision-making processes in modern data-driven 

environments (Alam et al., 2025; Sikder et al., 2025). 

Machine learning techniques can broadly be categorized into supervised and unsupervised learning. Supervised learning methods 

rely on labeled datasets to train models, enabling them to learn relationships between input features and target outputs. Common 

supervised algorithms include Support Vector Machines (SVM), Decision Trees, Random Forests, and K-Nearest Neighbor
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(KNN). These models have demonstrated high accuracy in 

classification and prediction tasks due to their ability to learn 

from labeled examples (Sami et al., 2025). 

In contrast, unsupervised learning techniques operate on 

unlabeled data, focusing on identifying patterns, structures, 

and relationships within datasets. Clustering algorithms such 

as K-Means and DBSCAN, as well as dimensionality 

reduction techniques like Principal Component Analysis 

(PCA), are widely used in unsupervised learning. These 

methods are particularly useful for exploratory data analysis 

and discovering hidden patterns in complex datasets (Alam et 

al., 2023). 

Despite their advantages, both supervised and unsupervised 

learning techniques have limitations. Supervised models 

require large amounts of labeled data, which may not always 

be available. Additionally, they can be sensitive to data 

complexity and may struggle with high-dimensional datasets. 

Unsupervised models, while not requiring labeled data, often 

produce less accurate results and may struggle to define clear 

boundaries between clusters (Sikder et al., 2023). 

The increasing complexity of modern datasets has further 

highlighted the need for comparative analysis of these 

techniques. High-dimensional data often contains redundant 

and irrelevant features, leading to challenges such as the 

curse of dimensionality and increased computational cost. 

Addressing these challenges requires the development of 

advanced techniques and hybrid approaches that combine the 

strengths of both supervised and unsupervised learning 

(Alam et al., 2025). 

This study aims to provide a comprehensive comparative 

analysis of supervised and unsupervised learning techniques 

for complex datasets. The analysis focuses on evaluating 

model performance, accuracy, computational efficiency, and 

scalability. The results are supported by statistical analysis 

and visualization, highlighting the strengths and limitations 

of each approach. The remainder of the paper is organized as 

follows: Section 2 reviews existing literature on supervised 

and unsupervised learning techniques, Section 3 describes the 

research methodology, and subsequent sections present 

results, discussion, and conclusions. 

 

2. Literature Review 

The field of machine learning has evolved significantly over 

the past decades, with supervised and unsupervised learning 

techniques playing a central role in data analysis. Numerous 

studies have explored the strengths and limitations of these 

approaches, particularly in the context of complex and high-

dimensional datasets. Supervised learning techniques have 

been widely used for classification and prediction tasks. 

Algorithms such as SVM and Random Forest are known for 

their high accuracy and robustness. Research indicates that 

supervised models perform well when sufficient labeled data 

is available, enabling them to learn precise decision 

boundaries. However, their performance is highly dependent 

on the quality and quantity of labeled data (Sami et al., 2025). 

Decision Tree and Random Forest models are particularly 

popular due to their interpretability and ability to handle 

nonlinear relationships. 

 Random Forest, an ensemble method, improves performance 

by combining multiple decision trees, reducing overfitting 

and increasing generalization. Despite these advantages, 

supervised models often struggle with high-dimensional data, 

where feature selection becomes critical (Alam et al., 2024). 

Unsupervised learning techniques, on the other hand, focus 

on discovering patterns in unlabeled data. Clustering 

algorithms such as K-Means and DBSCAN are commonly 

used for grouping similar data points. K-Means is efficient 

and widely used, but it assumes spherical clusters and may 

not perform well with irregular data distributions. DBSCAN 

addresses this limitation by identifying clusters based on 

density, making it more suitable for complex datasets (Sikder 

et al., 2023). 

Dimensionality reduction techniques such as PCA are also 

important in unsupervised learning. These methods reduce 

the number of features while preserving important 

information, improving computational efficiency and model 

performance. Studies have shown that dimensionality 

reduction is essential for handling high-dimensional datasets 

(Alam et al., 2023). Recent research has emphasized the 

importance of hybrid approaches that combine supervised 

and unsupervised techniques. These approaches leverage the 

strengths of both methods to improve performance. For 

example, clustering can be used to preprocess data before 

applying classification algorithms, enhancing accuracy and 

efficiency (Alam et al., 2025). 

Despite these advancements, challenges remain in applying 

machine learning techniques to complex datasets. These 

include issues related to scalability, computational 

complexity, and interpretability. Addressing these challenges 

requires the development of more advanced and adaptive 

models (Sikder et al., 2025). Overall, the literature highlights 

the complementary roles of supervised and unsupervised 

learning techniques. While supervised models provide high 

accuracy for prediction tasks, unsupervised models offer 

valuable insights into data structure and patterns. 

 

3. Research Methodology 

3.1. Research Design 

This study adopts a comparative experimental research 

design to evaluate the effectiveness of supervised and 

unsupervised learning techniques for complex datasets. The 

methodology integrates data preprocessing, model 

implementation, performance evaluation, and visualization to 

ensure a systematic and comprehensive analysis. Such 

structured approaches are widely used in machine learning 

research to compare algorithm performance under controlled 

conditions and to assess their suitability for handling high-

dimensional and nonlinear data (Alam et al., 2025; Sikder et 

al., 2025). The primary objective is to examine how different 

learning techniques respond to varying levels of data 

complexity and to identify their strengths and limitations in 

practical applications. 

 

3.2. Data Collection and Preprocessing 

The dataset used in this study represents complex and high-

dimensional data, simulating real-world scenarios where 

multiple features interact in nonlinear ways.  
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Data preprocessing is performed as a critical step to improve 

data quality and ensure consistency. This process involves 

removing noise and outliers, handling missing values through 

appropriate imputation techniques, and normalizing feature 

values to a common scale. Additionally, feature selection and 

dimensionality reduction techniques are applied to eliminate 

redundant or irrelevant features, thereby reducing 

computational complexity and improving model 

performance. These preprocessing steps are essential for 

mitigating the effects of the curse of dimensionality and 

enhancing the efficiency of machine learning models (Alam 

et al., 2023; Nusrat et al., 2024). 

 

3.3. Model Implementation 

To perform a comprehensive comparison, both supervised 

and unsupervised learning models are implemented. The 

supervised models include Support Vector Machine (SVM), 

Random Forest (RF), and K-Nearest Neighbors (KNN), 

which are selected due to their proven effectiveness in 

classification tasks and their ability to model complex 

relationships in data. The unsupervised models include K-

Means clustering, DBSCAN, and Autoencoder-based 

approaches, which are widely used for pattern recognition 

and clustering in unlabeled datasets. These models represent 

different categories of learning techniques and provide a 

balanced framework for comparison (Vanu et al., 2021). 

Previous studies have demonstrated that supervised models 

generally achieve higher accuracy, while unsupervised 

models are more suitable for exploratory data analysis (Sami 

et al., 2025; Sikder et al., 2023). 

 

3.4. Performance Evaluation Metrics 

The performance of the implemented models is evaluated 

using standard metrics, including accuracy, error rate, and 

computational efficiency. Accuracy is used to measure the 

overall correctness of predictions, particularly for supervised 

models, while error rate provides insight into the deviation 

between predicted and actual values. Computational 

efficiency is assessed by measuring processing time, which is 

an important factor in large-scale and real-time applications. 

These metrics provide a comprehensive evaluation of model 

performance and enable a fair comparison between different 

techniques (Alam et al., 2025). 

 

3.5. Visualization and Analytical Framework 

Visualization techniques are employed to analyze model 

performance and provide a clear understanding of the results. 

Figure 1 illustrates the accuracy comparison between 

supervised and unsupervised models, showing that 

supervised techniques generally achieve higher accuracy. 

Figure 2 presents the relationship between error rate and data 

complexity, highlighting how model performance is affected 

as complexity increases. Figure 3 provides a clustering  

visualization, demonstrating the ability of unsupervised  

models to identify patterns in data, while Figure 4 compares 

the processing time of different models, emphasizing the 

trade-off between accuracy and computational efficiency. 

These visualizations enhance interpretability and support the 

comparative analysis (Sikder et al., 2025). 

 

3.6. Model Optimization and Validation 

To ensure reliable results, model optimization and validation 

techniques are applied. Hyperparameter tuning is performed 

to optimize model performance, particularly for supervised 

algorithms, by adjusting parameters such as learning rate, 

number of neighbors, and tree depth. Cross-validation 

techniques are used to reduce overfitting and ensure that 

models generalize well to unseen data. This process enhances 

the robustness of the models and improves the reliability of 

the comparative analysis (Sikder et al., 2021). 

 

4. Results and Discussion 

4.1. Supervised vs Unsupervised Learning 

Figure 1 presents a comparative analysis of classification 

accuracy across different supervised and unsupervised 

learning models applied to complex datasets. The supervised 

learning models, including Support Vector Machine (SVM), 

Random Forest (RF), and K-Nearest Neighbors (KNN), 

achieve higher accuracy values ranging from approximately 

0.85 to 0.91. Among these, the Random Forest model 

demonstrates the highest performance with an accuracy close 

to 0.91, followed by SVM at 0.88, and KNN at 0.85. These 

results indicate the strong capability of supervised learning 

techniques to utilize labeled data for accurate classification 

and prediction. 

In contrast, unsupervised learning models such as K-Means, 

DBSCAN, and Autoencoder show comparatively lower 

accuracy, ranging from 0.70 to 0.78. K-Means and DBSCAN 

achieve accuracies around 0.72 and 0.70, respectively, while 

Autoencoder performs slightly better at 0.78. The lower 

accuracy of unsupervised methods can be attributed to the 

absence of labeled data, which limits their ability to directly 

optimize classification performance. 

The figure highlights a clear performance gap between 

supervised and unsupervised techniques, emphasizing the 

advantage of supervised learning in tasks where labeled data 

is available. However, it also suggests that unsupervised 

models still provide reasonable performance, particularly in 

scenarios where labeled data is scarce or unavailable. 

Overall, Figure 1 demonstrates that supervised learning 

techniques are more effective for achieving high accuracy in 

complex datasets, while unsupervised learning methods are 

better suited for exploratory data analysis and pattern 

discovery. This comparison underscores the importance of 

selecting appropriate learning techniques based on data 

availability and application requirements. 
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Fig 1: Accuracy Comparison (Supervised vs Unsupervised) 

 

4.2. Error vs Data Complexity 

Figure 2 illustrates the relationship between model error and 

data complexity for both supervised and unsupervised 

learning techniques. The x-axis represents increasing levels 

of data complexity, while the y-axis shows the corresponding 

error rates. The figure reveals that error increases for both 

types of models as data complexity grows, but the rate of 

increase differs significantly. For supervised learning 

models, the error starts at approximately 0.10 at low 

complexity and gradually increases to around 0.25 at the 

highest complexity level. This trend indicates that supervised 

models maintain relatively low error rates when dealing with 

simpler datasets but become more sensitive to complexity as 

the dimensionality and variability of the data increase. 

Unsupervised learning models, on the other hand, exhibit 

higher initial error values, starting at approximately 0.20 and  

increasing to 0.28 as complexity rises. The smaller rate of 

increase compared to supervised models suggests that 

unsupervised techniques are more stable across varying 

levels of complexity. However, their consistently higher error 

values indicate lower overall accuracy. The figure highlights 

a key trade-off between accuracy and robustness. Supervised 

models provide better accuracy at lower complexity levels 

but are more affected by increasing complexity. In contrast, 

unsupervised models offer more consistent performance 

across different complexity levels but at the cost of higher 

error rates. Overall, Figure 2 demonstrates that data 

complexity plays a critical role in model performance. It 

emphasizes the need for advanced techniques, such as 

dimensionality reduction and hybrid models, to manage 

complexity and improve accuracy in high-dimensional 

datasets. 

 

 
 

Fig 2: Error vs Data Complexity 
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4.3. Unsupervised Clustering Visualization 

Figure 3 presents a visualization of data points in a two-

dimensional feature space, representing the outcome of an 

unsupervised clustering process. Each point corresponds to 

an individual data instance, and the distribution of points 

reflects the inherent structure of the dataset. Unlike 

supervised learning, where data points are labeled, 

unsupervised learning relies on identifying patterns and 

groupings based on similarity. The scatter plot shows a 

dispersed distribution of points, indicating the complexity of 

the dataset. In real-world scenarios, clustering algorithms 

such as K-Means and DBSCAN attempt to group these data 

points into meaningful clusters based on distance or density. 

However, the visualization suggests that the clusters are not 

clearly separated, highlighting the challenges associated with  

clustering high-dimensional and complex datasets. This 

figure demonstrates the strength of unsupervised learning in  

exploratory data analysis. Even without labeled data, 

clustering algorithms can identify underlying structures and 

relationships within the dataset. This capability is particularly 

useful in applications such as anomaly detection, customer 

segmentation, and pattern recognition. 

At the same time, the figure also highlights the limitations of 

unsupervised learning. The lack of clear boundaries between 

clusters indicates that clustering results may not always be 

precise, especially in complex datasets. This can lead to 

ambiguity in interpretation and reduced classification 

accuracy. Overall, Figure 3 emphasizes the importance of 

combining unsupervised techniques with other methods, such  

as supervised learning or feature engineering, to improve 

performance. It also underscores the need for advanced 

clustering algorithms capable of handling complex and high-

dimensional data. 

 

 

 
 

Fig 3: Unsupervised Clustering Visualization 

 

4.4. Processing Time Comparison 

Figure 4 presents a comparison of processing time across 

different machine learning models, highlighting the 

computational efficiency of both supervised and 

unsupervised techniques. The x-axis represents different 

models, while the y-axis shows the time required for 

processing in seconds. Among the supervised models, 

Random Forest exhibits the highest processing time of 

approximately 3.2 seconds, followed by SVM at 2.5 seconds. 

The increased computational cost of Random Forest can be 

attributed to its ensemble nature, which involves building 

multiple decision trees and combining their outputs. While 

this improves accuracy, it also increases computational 

complexity. In contrast, unsupervised models such as K-

Means and DBSCAN demonstrate lower processing times, 

with K-Means being the fastest at approximately 1.8 seconds  

and DBSCAN at 2.0 seconds. The efficiency of K-Means is 

due to its relatively simple algorithm, which iteratively 

assigns data points to clusters based on distance. DBSCAN, 

although slightly more complex, still maintains a lower 

computational cost compared to supervised models. The 

figure highlights a trade-off between accuracy and 

computational efficiency. Supervised models, while more 

accurate, require more processing time, making them less 

suitable for real-time applications with limited computational 

resources. Unsupervised models, on the other hand, offer 

faster processing but lower accuracy. 

Overall, Figure 4 demonstrates the importance of considering 

computational efficiency when selecting machine learning 

models. In large-scale or real-time applications, faster models 

may be preferred, while in accuracy-critical tasks, more 

complex supervised models may be necessary. 
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Fig 4: Processing Time Comparison 

 

5. Limitations and Future Directions 

The comparative analysis of supervised and unsupervised 

learning techniques for complex datasets provides valuable 

insights into their strengths and weaknesses. While both 

approaches have demonstrated effectiveness in different 

contexts, several limitations remain that must be addressed to 

improve their applicability in real-world scenarios. 

Understanding these limitations is essential for guiding future 

research and advancing machine learning methodologies. 

 

5.1. Limitations of Current Learning Techniques 

One of the primary limitations of supervised learning 

techniques is their reliance on labeled data. Models such as 

Support Vector Machines (SVM), Random Forest (RF), and 

K-Nearest Neighbors (KNN) require large volumes of 

accurately labeled data to achieve high performance. 

However, in many real-world applications, obtaining labeled 

data is both time-consuming and expensive. This limitation 

restricts the scalability of supervised learning methods and 

limits their applicability in domains where labeled datasets 

are scarce (Alam et al., 2023; Sami et al., 2024). Another 

significant limitation is the sensitivity of supervised models 

to data complexity. As shown in Figure 2, the error rate 

increases significantly with higher data complexity, rising 

from approximately 0.10 to 0.25. High-dimensional datasets 

often contain redundant and irrelevant features, which can 

negatively affect model performance and lead to overfitting. 

Although techniques such as dimensionality reduction and 

feature selection can mitigate these issues, they may also 

result in the loss of important information if not properly 

implemented (Alam et al., 2025). 

Unsupervised learning techniques, while eliminating the 

need for labeled data, also face several challenges. Models 

such as K-Means and DBSCAN often struggle with 

accurately identifying clusters in complex datasets, 

particularly when the data distribution is irregular or 

overlapping. This limitation is evident in Figure 3, where 

cluster boundaries are not clearly defined. Additionally, 

unsupervised models generally exhibit lower accuracy 

compared to supervised models, as indicated in Figure 1, 

where their performance ranges between 0.70 and 0.78 

(Sikder et al., 2023). Computational complexity is another 

major limitation affecting both supervised and unsupervised 

learning techniques. As illustrated in Figure 4, models such 

as Random Forest and SVM require significantly more 

processing time compared to simpler models like K-Means. 

This increased computational cost becomes a critical issue 

when dealing with large-scale datasets, limiting the 

feasibility of deploying these models in real-time applications 

(Sikder et al., 2025). Scalability is also a key challenge, 

particularly in the context of big data. As dataset size and 

complexity increase, traditional machine learning algorithms 

may struggle to maintain performance while ensuring 

efficient computation. This limitation highlights the need for 

scalable solutions capable of handling large volumes of data 

without compromising accuracy (Uddin et al., 2025; Orthi et 

al., 2025). Another important limitation is the lack of 

interpretability in complex machine learning models. Many 

advanced models operate as “black-box” systems, making it 

difficult to understand how predictions are generated. This 

lack of transparency can hinder trust and adoption, 

particularly in critical applications such as healthcare and 

finance (Sami et al., 2025). 

 

5.2. Future Directions 

To overcome these limitations, several promising research 

directions can be explored to enhance the performance and 

applicability of supervised and unsupervised learning 

techniques. One important direction is the development of 

semi-supervised and self-supervised learning approaches. 

These methods combine labeled and unlabeled data, reducing 

the dependency on large labeled datasets while maintaining 

high accuracy. This approach is particularly useful in 

domains where labeled data is limited (Alam et al., 2025). 

Another key area is the development of hybrid models that 

integrate supervised and unsupervised learning techniques. 

Hybrid approaches can leverage the strengths of both 

methods, improving accuracy and robustness. For example, 

clustering techniques can be used to preprocess data before 

applying classification models, enhancing overall 

performance (Sikder et al., 2021). 

Advancements in dimensionality reduction and feature 

engineering are also essential for handling complex datasets. 

Techniques such as Principal Component Analysis (PCA) 

http://www.computationalengineeringjournal.com/


International Journal of Engineering and Computational Applications www.ComputationalEngineeringJournal.com 

 

 
    24 | P a g e  

 

and autoencoders can reduce data complexity while 

preserving important information. Future research should 

focus on adaptive feature selection methods that dynamically 

identify relevant features (Alam et al., 2024). 

Improving computational efficiency is another critical 

research direction. Techniques such as parallel processing, 

distributed computing, and model optimization can help 

reduce training time and resource requirements. These 

approaches are essential for deploying machine learning 

models in large-scale and real-time applications (Sikder et 

al., 2025). The integration of explainable artificial 

intelligence (XAI) is also an important area for future 

research. By improving model interpretability, XAI 

techniques can enhance transparency and trust in machine 

learning systems. Methods such as feature importance 

analysis and visualization can help users understand model 

decisions (Sami et al., 2025). Another promising direction is 

the use of advanced deep learning techniques, such as graph 

neural networks and attention-based models, for analyzing 

complex datasets. These models can capture intricate 

relationships and dependencies, improving performance in 

high-dimensional data environments (Alam et al., 2025; 

Baligodugula & Amsaad, 2025). Finally, the integration of 

machine learning with emerging technologies such as big 

data analytics, cloud computing, and edge computing can 

significantly improve scalability and performance. These 

technologies enable efficient data processing and real-time 

analysis, making them essential for modern applications 

(Sikder et al., 2023ab; Hemal et al., 2025). 

Future research on supervised and unsupervised learning 

techniques for complex datasets should focus on the 

development of hybrid and self-supervised frameworks 

capable of integrating labeled and unlabeled data efficiently. 

Current studies indicate that supervised learning provides 

higher predictive accuracy in structured datasets, whereas 

unsupervised learning demonstrates stronger adaptability in 

handling high-dimensional and unstructured data 

environments (Sathya & Abraham, 2013). However, the 

increasing volume and heterogeneity of modern datasets 

require models that combine the strengths of both paradigms. 

Hybrid approaches integrating clustering, representation 

learning, and classification are expected to improve 

scalability, robustness, and interpretability (Talukdar & 

Biswas, 2024). 

Another promising direction involves the application of deep 

learning, graph neural networks, and self-supervised learning 

in healthcare, cybersecurity, bioinformatics, and natural 

language processing (Konstantakos et al., 2024). Future 

systems should also address challenges related to 

explainability, computational efficiency, data privacy, and 

bias reduction in AI-driven decision-making. Furthermore, 

advancements in dimensionality reduction and anomaly 

detection techniques may enhance performance on large-

scale complex datasets (Kashyap, 2024). Researchers are also 

encouraged to investigate transfer learning and automated 

machine learning (AutoML) methods to reduce dependency 

on large labeled datasets while improving model 

generalization across diverse real-world applications (Sushil 

et al., 2024; Nature Materials Research, 2024). Artificial 

intelligence (AI) and related technologies such as machine 

learning, data analytics, and business intelligence are 

reshaping organizational operations and strategic 

management. Siddiki et al. (2025) suggest that the 

effectiveness of AI implementation depends heavily on users’ 

understanding, educational readiness, and perceptions of the 

technology. Similarly, Bhuiyan et al. (2025) highlight that 

integrating AI with data analysis strengthens organizational 

capabilities through improved forecasting, operational 

efficiency, and decision support. AI adoption has become 

particularly important for SMEs, helping organizations 

enhance productivity, optimize resources, and improve 

competitiveness (Kamruzzaman et al., 2025). Islam et al. 

(2023) further demonstrate that business intelligence and 

analytics-driven digital transformation enable SMEs to 

develop stronger competitive positions. Beyond business 

settings, AI and analytics contribute to solving important 

social and institutional challenges. Saha et al. (2025) identify 

cybersecurity risk management in banking as a critical area 

where advanced analytical tools provide significant benefits. 

In healthcare, data-driven approaches improve organizational 

performance and profitability while requiring effective 

management of technological and data-related issues (Ashik 

et al., 2023; Rahman et al., 2024). Big data analytics also 

supports migration forecasting by generating insights into 

population movements triggered by environmental and 

political factors (Hossain et al., 2023). Furthermore, machine 

learning applications in governance help evaluate the success 

of international trade policies and support evidence-based 

decision-making (Hossain et al., 2024). Collectively, these 

findings underscore the growing influence of AI-driven 

technologies across multiple sectors. 

 

6. Conclusion 

This study provides a comprehensive comparative analysis of 

supervised and unsupervised learning techniques for complex 

datasets, highlighting their strengths, limitations, and 

practical applications. Data shows that supervised learning 

techniques significantly outperform unsupervised methods in 

terms of accuracy, with models such as Random Forest 

achieving values as high as 0.91. This confirms the 

effectiveness of supervised learning in scenarios where 

labeled data is available, allowing models to learn precise 

decision boundaries and achieve high predictive 

performance. In contrast, unsupervised models, while less 

accurate, provide valuable insights into data structure and 

patterns, making them useful for exploratory analysis. 

However, supervised models show a sharper increase in 

error, indicating sensitivity to high-dimensional data. 

Unsupervised models, although less accurate, demonstrate 

more stable performance across different complexity levels. 

This suggests that unsupervised techniques may be more 

robust in handling highly complex datasets. The clustering 

visualization demonstrates the ability of these models to 

identify underlying structures in data without labeled 

information. However, the lack of clear cluster boundaries 

highlights the limitations of unsupervised techniques in 

achieving precise classification. Supervised techniques, 

particularly ensemble methods, require higher processing 

time due to their complexity, while unsupervised models 

offer faster computation. This trade-off between accuracy 

and efficiency is a critical consideration in real-world 

applications. 
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