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Abstract: This study conducts a comparative analysis of popular machine learning algorithms, including Random Forests, Support
Vector Machines, Neural Networks, Logistic Regression, K-Means, and DBSCAN, across diverse datasets and domains. The research
evaluates performance based on metrics such as accuracy, scalability, robustness, and sensitivity to noise. The findings highlight that
supervised learning algorithms excel in structured datasets, particularly in healthcare and finance, while unsupervised methods
demonstrate superior scalability for large, unstructured datasets in domains like e-commerce. These results underscore the importance of
aligning algorithm selection with industry-specific requirements to optimize performance and outcomes.

Keywords: Machine learning algorithms, supervised learning, unsupervised learning, industry applications, performance metrics

1. Introduction

In recent years, machine learning (ML) has emerged as one
of the most transformative technologies across various
industries. From healthcare to finance, the ability to analyze
large datasets, uncover patterns, and make predictions has
revolutionized decision-making processes 2. The rapid
advancement in computational power and the growing
availability of data have led to the development and
widespread adoption of numerous machine learning
algorithms. Examples include Random Forests, Support
Vector Machines (SVM), Neural Networks, and K-Means
clustering. These have become instrumental in solving
complex problems like fraud detection, image recognition,
personalized recommendations, and predictive analytics 7.

However, with the proliferation of machine learning
algorithms, questions  surrounding their efficiency,
scalability, accuracy, and adaptability across diverse domains
have emerged. Different algorithms have distinct strengths
and limitations, which make them suitable for specific tasks
but less optimal for others *. For instance, while Random
Forests excel in handling large datasets and providing high
accuracy, Support Vector Machines may perform better with
smaller datasets and higher-dimensional spaces °. Similarly,
unsupervised learning methods such as K-Means can uncover
hidden structures in data but might struggle with noisy
datasets .

This research aims to conduct a comparative study of widely
used machine learning algorithms, assessing their
performance across different datasets and industries. The
study will focus on both supervised and unsupervised learning
methods, evaluating key performance metrics such as
accuracy, scalability, robustness, and sensitivity to noise.
Through this comparison, we seek to identify trends and
provide insights into how these algorithms can be optimized
and improved to better suit industry-specific applications.

Research Question
What are the comparative strengths and weaknesses of
popular machine learning algorithms, such as Random

Forests, Support Vector Machines, Neural Networks, and K-
Means, in terms of accuracy, scalability, robustness, and
adaptability across different industries and datasets?

We hypothesize that supervised learning algorithms, such as
Random Forests and Support Vector Machines, will
outperform unsupervised learning algorithms like K-Means
in terms of accuracy and robustness when applied to
structured datasets in industries such as finance and
healthcare. However, unsupervised learning methods will
demonstrate superior scalability and adaptability in handling
large, unstructured datasets, particularly in domains like e-
commerce and customer segmentation.

2. Methods

This research will follow a quantitative, comparative analysis
approach, focusing on evaluating the performance of several
widely used machine learning algorithms across various
datasets and industries. The following steps outline the
methodology employed for this study:

1) Data Collection

To evaluate the performance of machine learning algorithms,
publicly available datasets from various industries will be
utilized. Datasets from platforms like the UCI Machine
Learning Repository, Kaggle, and government open data
sources will be collected to ensure diversity across domains
such as finance, healthcare, e-commerce, and marketing. For
instance, structured datasets like the *Titanic survival
dataset* for classification, the *MNIST dataset* for image
recognition, and unstructured datasets like text corpora for
natural language processing tasks will be included . Data
preprocessing steps, including normalization, handling
missing values, and splitting data into training and testing
sets, will be conducted before applying the algorithms °.

2) Algorithms Selection

The study will focus on a set of commonly used machine
learning algorithms that represent both supervised and
unsupervised learning paradigms. These include:
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o Supervised Learning: Random Forests, Support Vector
Machines (SVM), Neural Networks, Logistic Regression.

o Unsupervised Learning: K-Means Clustering, DBSCAN,
Hierarchical Clustering.

Each algorithm was selected based on its popularity and
proven success across various industries. Random Forests and
SVM have been chosen for their established performance in
structured datasets, whereas K-Means and DBSCAN
represent unsupervised algorithms known for their clustering
capabilities 5.

3) Performance Evaluation Metrics:

The performance of each algorithm will be evaluated using

key metrics commonly used in machine learning research.

These include:

« Accuracy: The proportion of correctly classified instances
in the test dataset ’.

« Precision, Recall, F1-Score: To assess the performance of
classification algorithms, particularly when dealing with
imbalanced datasets.

« Silhouette Score: To evaluate the quality of clusters for
unsupervised learning algorithms 2.

« Scalability: The time complexity of each algorithm will be
measured by comparing execution times on datasets of
increasing size 4.

« Robustness and Sensitivity to Noise: Performance
degradation in the presence of noisy data will be measured
using artificially injected noise into the datasets °.

4) Experimental Setup:

For consistency, all algorithms will be implemented using
Python programming language with libraries such as Scikit-
learn, TensorFlow, and Keras. The experiments will be run on
a standard computing setup with GPU acceleration where
applicable 8. Hyperparameters for each algorithm will be
optimized using grid search and cross-validation techniques
to ensure fair comparison °.

3. Data Analysis and Interpretation:

After the models are trained and tested, the results will be
compiled into tables for comparison. Statistical tests, such as
t-tests and ANOVA, will be performed to determine the
significance of performance differences across the algorithms
3. A comparative analysis of strengths, weaknesses, and
industry-specific performance will be conducted based on
these metrics.

4. Limitations:

While this study aims to cover a broad spectrum of machine
learning algorithms and datasets, some limitations include the
potential for bias in dataset selection and the focus on specific
algorithms that may not generalize to all machine learning
methods. Furthermore, computational limitations may restrict
the analysis of extremely large datasets *.

5. Results

The following section presents the comparative analysis of
machine learning algorithms across the selected datasets. The
algorithms were tested on their accuracy, scalability,
robustness, and sensitivity to noise. The results are reported
in both tabular and graphical formats to provide a
comprehensive understanding of their performance.

1) Accuracy Analysis:

The performance of the supervised learning algorithms—
Random Forest, Support Vector Machines (SVM), Neural
Networks, and Logistic Regression—was evaluated based on
accuracy across various datasets. Figure 1 shows that Random
Forests consistently outperformed the other algorithms,
particularly in structured datasets such as those used in
healthcare and finance. Neural Networks also showed high
accuracy, especially in complex datasets like image
recognition and natural language processing ’.

However, unsupervised learning algorithms like K-Means
and DBSCAN struggled in accuracy compared to their
supervised counterparts, especially on classification tasks.
This is due to the inherent difference in algorithmic
approaches—while supervised algorithms use labeled data
for learning, unsupervised algorithms depend on patterns
within unlabeled data, which led to less accurate predictions
on structured datasets *.

Accuracy Comparison of Algorithms

Algorithms

Figure 1: Accuracy comparison of machine learning
algorithms across various datasets.

2) Scalability and Runtime Performance:

Scalability was tested by increasing dataset sizes and
observing the runtime performance of each algorithm. As
seen in Figure 2, Neural Networks and Random Forests
exhibited better scalability on large datasets, particularly
when using GPU acceleration 4. SVM, however, struggled
with large datasets, resulting in significantly higher
computational times. Unsupervised algorithms like K-Means
also scaled well but required substantial computation time to
converge when applied to larger, noisier datasets °.
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Figure 2: Scalability and runtime performanc

3) Robustness and Sensitivity to Noise:

To assess robustness, random noise was added to datasets,
and the performance of each algorithm was observed. Figure
3 demonstrates that Random Forest and SVM showed strong
resistance to noise, maintaining high accuracy. K-Means and
DBSCAN, in contrast, experienced a significant drop in
performance as noise levels increased. This is expected for

e of the algorithms across increasing dataset sizes.

clustering methods, which can misclassify or miscluster noisy
data points 1.

Neural Networks, though initially sensitive to noise, showed
improvement after noise reduction techniques such as dropout
layers were applied during training #. Logistic Regression also
exhibited robustness but slightly lower accuracy when faced
with extreme noise ’.
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Figure 3: Sensitivity of algorithms to noisy data.

4) Evaluation of Industry-Specific Performance:

Each algorithm's performance was evaluated based on its
applicability in different industries, such as healthcare,
finance, and e-commerce. Supervised algorithms like
Random Forest and SVM were the best performers in
structured, high-stakes industries like healthcare and finance,
where precision and robustness are crucial °. In contrast,
unsupervised algorithms like K-Means and DBSCAN were
more useful in e-commerce and marketing, where the focus is
on customer segmentation and pattern discovery in large
unstructured datasets .

6. Discussion

The results of this study reveal distinct differences in the
performance, scalability, and robustness of various machine
learning algorithms when applied across multiple industries
and dataset types. The findings align with existing literature,
underscoring the relative strengths and weaknesses of

supervised and unsupervised algorithms in different contexts
4,7
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Performance on Structured Data:

Supervised algorithms, particularly Random Forests and
Support Vector Machines (SVM), exhibited superior
performance in terms of accuracy and robustness, especially
when applied to structured datasets in fields like healthcare
and finance. This can be attributed to their reliance on labeled
data, which allows them to learn from precise examples and
make accurate predictions on classification tasks °. Random
Forests consistently demonstrated high accuracy across all
datasets, confirming its status as a highly adaptable and
powerful algorithm. However, SVM struggled with very large
datasets, which affected its scalability. These findings
highlight that while supervised algorithms can achieve high
accuracy, they may require significant computational
resources to maintain scalability, a limitation previously
noted by Pedregosa et al. (2011).

Scalability and Runtime Performance:

The analysis of runtime performance across varying dataset
sizes showed that Neural Networks and Random Forests
scaled more effectively with larger datasets, especially with
the assistance of GPU acceleration. In contrast, SVM’s
scalability limitations became evident as dataset sizes
increased, with noticeable delays in runtime. K-Means, an
unsupervised algorithm, exhibited faster runtime overall but
required substantial computation time to converge on larger,
noisier datasets. This aligns with prior findings by
Goodfellow et al. (2016), which emphasize that neural
networks, though computationally intensive, can process
large amounts of data efficiently when optimized for parallel
processing. These results indicate that while unsupervised
algorithms such as K-Means can handle large data volumes
with faster runtimes, supervised methods may be preferred for
tasks that demand accuracy over scalability 5.

Sensitivity to Noise:

The evaluation of robustness and sensitivity to noise revealed
that Random Forest and SVM were highly resistant to noisy
data, maintaining accuracy even under increased noise levels.
This is likely due to Random Forest’s ensemble structure,
which allows it to average out errors across multiple decision
trees, thereby reducing the impact of noise on the final
prediction 7. In contrast, K-Means exhibited a significant
decrease in accuracy with added noise, which can lead to poor
cluster formation and increased error. These findings
highlight a critical limitation of clustering algorithms like K-
Means and DBSCAN, which are more sensitive to data
irregularities .

Neural Networks, initially sensitive to noise, benefited from
techniques like dropout layers during training. This confirms
previous research on the efficacy of regularization techniques
in mitigating overfitting and improving robustness in neural
network models #. Logistic Regression also showed moderate
resistance to noise but displayed slightly lower accuracy
compared to other supervised methods when noise levels
were high.

Industry-Specific Implications:

The results further emphasize that industry context plays a
crucial role in determining the best algorithm for a given task.
Supervised methods like Random Forest and SVM are well-

essential, such as in healthcare diagnostics or financial fraud
detection 5. On the other hand, unsupervised algorithms like
K-Means and DBSCAN are more suitable for exploratory
data analysis tasks, such as customer segmentation in e-
commerce and pattern discovery in marketing, where
scalability and adaptability are prioritized over accuracy *.

7. Limitations and Future Work

While this study provides valuable insights into the
comparative performance of machine learning algorithms,
several limitations must be acknowledged. First, the analysis
was constrained by the computational resources available,
limiting the scope of experiments with larger datasets and
more complex neural network architectures. Additionally, the
selection of datasets was primarily based on availability and
general relevance, which may limit the generalizability of the
findings to other industry-specific data or real-world
applications. Future research could benefit from exploring
other algorithms, such as ensemble methods or deep learning
architectures, and from incorporating more diverse datasets to
evaluate algorithm performance in a broader range of contexts
9

This study aimed to explore the comparative strengths and
limitations of various machine learning algorithms, focusing
on their performance, scalability, and robustness across
different datasets and industry applications. By examining
supervised learning algorithms such as Random Forests,
Support Vector Machines (SVM), Neural Networks, and
Logistic Regression alongside unsupervised methods like K-
Means and DBSCAN, this research provides a
comprehensive overview of the algorithmic choices available
for data-driven tasks across a variety of domains.

The results affirm the hypothesis that supervised learning
methods generally outperform unsupervised algorithms in
terms of accuracy and robustness, particularly when applied
to structured datasets in industries such as healthcare and
finance. Random Forests and SVM demonstrated high
accuracy and resistance to noise, making them well-suited for
applications that demand precise predictions and reliability.
Conversely, unsupervised algorithms like K-Means and
DBSCAN excelled in scalability, adapting well to large,
unstructured datasets commonly found in e-commerce and
marketing contexts. However, these methods were more
sensitive to noise and lacked the accuracy needed for tasks
requiring labeled data.

Moreover, this study underscores the importance of aligning
machine learning algorithm selection with specific industry
requirements and dataset characteristics. In high-stakes fields
such as healthcare and finance, where prediction accuracy is
paramount, supervised methods are likely to be the preferred
choice. For exploratory tasks such as customer segmentation
and pattern discovery, unsupervised methods offer the
scalability and adaptability necessary to manage vast amounts
of unstructured data efficiently.

Despite these insights, this study’s scope was limited by
computational constraints and dataset selection, suggesting
areas for further research. Future work could extend this

suited to applications where high accuracy and reliability are  analysis to include more advanced machine learning
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techniques, such as ensemble models or deep learning
architectures, and explore their performance on a broader
range of datasets. Additionally, research focusing on real-
world industry datasets could provide a more practical
understanding of how machine learning algorithms perform
in actual applications.

This study highlights the strengths and limitations of various
machine learning algorithms, demonstrating that supervised
methods, such as Random Forests and Support Vector
Machines, excel in accuracy and robustness for structured
datasets in healthcare and finance. Conversely, unsupervised
methods, like K-Means, offer scalability and adaptability for
unstructured data in e-commerce and marketing. These
insights guide algorithm selection, emphasizing the
importance of aligning machine learning strategies with
specific industry needs. Future research should explore
additional algorithms and datasets to extend these findings.
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