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Abstract 

Sorting algorithms play a fundamental role in computer science and are extensively applied in data 

processing tasks. This study provides a detailed experimental analysis of four classical algorithms: 

Bubble Sort, Quick Sort, Merge Sort, and Heap Sort, using real world datasets obtained from the UCI 

Machine Learning Repository. We evaluated the algorithms based on multiple performance metrics, 

including execution time, memory usage, stability, and the number of comparisons or swaps, across 

multiple runs to ensure reliability. We further examined algorithmic behavior on different input 

cases, highlighting best, worst, and random scenarios. Results show that Quick Sort achieves the 

fastest execution time, while Merge Sort maintains stability with moderate memory consumption. 

Bubble Sort, though stable, demonstrates high computational effort, and Heap Sort offers a trade-off 

between efficiency and stability. Visualizations such as bar charts, box plots, scatter plots, and 

heatmaps are employed to provide a clear comparative understanding. This research provides 

valuable insights for selecting appropriate sorting algorithms based on performance, stability, and 

computational requirements in practical applications. 

Keywords: sorting algorithms; algorithm performance; execution time; stability; uci machine 

learning repository; computational efficiency 

 

1. Introduction 

Algorithms used for sorting are the backbone of many computer science and data processing 

applications. For all applications like database indexing, scientific simulations and real-time data 

processing, efficient sorting is essential for performance[1]. The classical algorithms have been 

extensively studied in theory, yet their practical performance varies significantly depending on the 

characteristics of the input data[2,3]. 

Sorting is not merely a computational necessity, rather it affects downstream processes such as 

searching, pattern recognition, and machine learning pipelines[4]. For example, before training a 

model, data often needs to be cleaned and prepared. Sorting can be a part of this process to identify 

and handle patterns. For example, sorting data by a key feature can help reveal outliers, trends, or 

relationships that might be difficult to see in unsorted data. This is particularly useful in data analysis 

and feature engineering[5].  

Similarly, KNN is a straightforward yet effective supervised machine learning algorithm used 

for both classification and regression. It assigns a new data point to a class by identifying the k nearest 

neighbors in the training set and selecting the most frequent class among them. To find the "nearest" 

neighbors efficiently, a sorting or selection algorithm is often used on the distances between the new 

point and all existing points. Sorting the distances allows the algorithm to easily pick the k smallest 

values, which correspond to the k nearest neighbors. 

The choice of algorithm impacts execution time, memory consumption, and even stability, the 

ability of a sorting algorithm to preserve the relative order of equal elements. For example, Merge 

Sort maintains stability, which can be critical when sorting complex datasets with multiple attributes. 

On the other hand, algorithms like Quick Sort provide high speed on average but may fail to be stable 
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in certain cases. Figure 1 shows the step-by-step illustration of the mentioned sorting algorithms 

along with operations on a sample dataset. 

 

Figure 1. Comparison Diagram for Basic Sorting Algorithm. 

a. Problem Statement 

Although the research on sorting algorithms is not a new domain, many studies focus primarily 

on theoretical time complexity rather than empirical evaluation on real-world datasets[6–8]. Then, 

most benchmarks report only execution time, leaving out critical metrics such as memory usage, 

number of swaps, and stability. In practical applications, particularly in data-intensive domains such 

as bioinformatics, finance, or large-scale machine learning, these metrics can influence the overall 

efficiency of a system. 

The behavior of sorting algorithms on real-world datasets can differ from textbook expectations. 

For instance, Bubble Sort, though simple and stable, may perform acceptably on small datasets but 

becomes impractical for large-scale datasets due to its quadratic time complexity[9,10]. Quick Sort, 

although fast on average, can suffer from worst-case performance if the pivot selection is not ideal. 

Heap Sort offers in-place sorting with predictable performance but lacks stability. Figure 2 shows a 

simple flowchart typical input type (random, sorted, reverse-sorted) and how algorithm performance 

varies with input characteristics. 
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Figure 2. Algorithm Performance Based on the Input Characteristics. 

b. Objectives of the Research 

The purpose of this research is to conduct a detailed empirical comparison of four classical 

sorting algorithms: Bubble Sort, Quick Sort, Merge Sort, and Heap Sort, using datasets from the UCI 

Machine Learning Repository. The comparison evaluates the algorithms based on: 

1. Execution Time: How quickly does the algorithm sorts datasets of varying sizes. 

2. Memory Usage: Additional memory required for sorting operations. 

3. Stability: Whether the algorithm preserves the relative order of equal elements. 

4. Computational Effort: Measured as the number of swaps or comparisons. 

5. Input Sensitivity: Behavior under best, worst, and average-case input conditions. 

By combining these metrics, this study seeks to offer guidance for selecting appropriate sorting 

algorithms based on practical requirements rather than purely theoretical considerations. 

c. Significance of Real-World Dataset Evaluation 

Most prior studies evaluate sorting algorithms using synthetic datasets, often assuming 

uniformly random values. While useful for theoretical benchmarking[11], such datasets fail to 

capture real-world characteristics such as duplicate values, skewed distributions, and correlations 

between features. Real datasets, such as those available from the UCI Machine Learning Repository, 

provide more realistic challenges and allow for meaningful conclusions about algorithm behavior in 

practice. 

For instance, the Iris dataset contains features such as sepal and petal lengths and widths, which 

can be sorted in ascending order. Although small, this dataset contains duplicates and real 
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measurement noise, making it a suitable candidate for initial evaluation. Larger datasets could 

further stress-test algorithms and provide insights into scalability[12]. 

2. Literature Review 

In this section, we present an overview of sorting algorithms, which remain a fundamental 

aspect of computer science due to their wide-ranging applications in data management, machine 

learning preprocessing, and real-time computational tasks. Sorting serves as a core operation that not 

only organizes data for efficient retrieval and analysis but also influences the performance of higher-

level algorithms in domains such as databases, graphics rendering, and network optimization. 

Classical algorithms such as Bubble Sort, Insertion Sort, Selection Sort, Quick Sort, Merge Sort, and 

Heap Sort continue to be widely studied for their time complexity, stability, and memory usage [13–

15]. Bubble Sort and Selection Sort, despite their simplicity, are suitable primarily for small datasets 

due to their quadratic time complexity, while Quick Sort and Merge Sort offer better average and 

worst-case performance, with Merge Sort providing inherent stability [16]. Heap Sort achieves 

predictable O(n log n) complexity but is generally unstable, demonstrating trade-offs between 

efficiency and stability [17,18]. 

Recent studies emphasize empirical evaluation of sorting algorithms on real-world datasets to 

assess execution time, memory overhead, and computational effort [19–21]. Input characteristics such 

as data distribution and size strongly influence performance, necessitating multi-metric 

benchmarking beyond theoretical analysis [22,23]. Hybrid and adaptive sorting methods have been 

introduced to improve efficiency. The BQM Hybrid Sorting Algorithm, for example, integrates 

features of Merge Sort, Quick Sort, and Bubble Sort for enhanced performance [24], while Smart 

Bubble Sort dynamically reduces redundant operations. Parallelization and hardware-aware 

implementations of Merge Sort and Quick Sort have shown significant improvements on multicore 

and GPU architectures [25,26]. 

Stability and correctness remain critical for applications involving duplicates and structured 

data. Merge Sort maintains relative ordering of equal elements, while Quick Sort and Heap Sort are 

unstable [27]. Comparative studies of stable and unstable algorithms highlight the importance of 

algorithm choice based on dataset properties and downstream application requirements [28]. 

Beyond classical sorting, numerous studies integrate sorting and data processing within 

machine learning and AI frameworks. Ashfaq and collaborators investigated applications in 

spatiotemporal traffic forecasting, sports shot prediction [18], crime scene generation, and IoMT-

based healthcare data security [29–32]. Federated learning and blockchain-based approaches in 

healthcare demonstrate the role of efficient sorting and preprocessing in memory efficiency and 

secure systems [33–36]. Applications which have real time data such as intelligent surveillance, lane 

segmentation, and prediction further illustrate that optimized sorting routines reduce preprocessing 

time and computational overhead [37–39]. 

Sorting algorithms are also central in many domains like educational and social data analytics. 

Studies on student performance prediction], sentiment analysis [40], and public social media topic 

classification [41] rely on effective sorting for ranking, prioritization, and data organization. 

Techniques such as Canopy and K-Means clustering incorporate efficient sorting for preprocessing 

and distance calculations [42]. 

While classical algorithms form a foundational understanding, modern applications 

increasingly require hybrid, adaptive, or parallelized sorting strategies. Empirical evaluation on real-

world datasets is essential to balance execution time, memory usage, swaps, and stability[43]. The 

present study extends this work by benchmarking Bubble Sort, Quick Sort, Merge Sort, and Heap 

Sort on the Iris dataset, providing a comprehensive multi-metric evaluation[44]. 
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3. Methodology 

This section outlines the experimental design, performance metrics[45], and evaluation 

framework used to analyze and compare sorting algorithms. 

3.1. Overview of Selected Sorting Algorithms 

In this study, we focus on classical sorting algorithms: 

1) Bubble Sort 

2) Quick Sort 

3) Merge Sort 

40 Heap Sort 

These are chosen for their contrasting design strategies and relevance in both theoretical and 

practical contexts. 

3.1.1. Bubble Sort 

Bubble sort is one of the simplest sorting algorithms, where adjacent elements are repeatedly 

swapped to gradually push larger values toward the end of the list. Its simplicity makes it ideal for 

teaching and demonstration purposes, but its O(n²) time complexity limits practical use for large 

datasets. Despite this, it is stable, ensuring that the relative order of equal elements is preserved. 

3.1.2. Quick Sort 

This divide-and-conquer algorithm works by choosing a pivot and splitting the array into 

elements smaller and larger than the pivot. With an average-case complexity of O(n log n), it 

outperforms Bubble Sort on large datasets. Quick Sort is generally unstable, and performance can 

degrade to O(n²) in worst-case scenarios, particularly if the pivot is poorly chosen. 

3.1.3. Merge Sort 

Merge Sort is a stable, recursive sorting method that splits the dataset into halves, sorts each 

part, and then combines them. It consistently runs in O(n log n) time but requires extra memory for 

temporary arrays. Its stability makes it well-suited for datasets containing multiple attributes. 

3.1.4. Heap Sort 

This algorithm organizes and sorts elements using a binary heap structure. It provides O(n log 

n) worst-case performance and is performed in-place, resulting in low memory overhead. However, 

Heap Sort is generally not stable, and its operation may involve many swaps, affecting algorithmic 

effort. 

3.2. Evaluation Metrics 

To provide a comprehensive comparison, this study considers multiple metrics: 

• Execution Time: Measured in seconds across multiple runs to calculate average and standard 

deviation. 

• Memory Usage: Additional memory required during sorting operations. 

• Stability: Verified programmatically by checking if duplicate elements retain their original 

order. 

• Swaps/Comparisons: Quantitative measure of computational effort, offering insights beyond 

time and memory. 

• Input Case Sensitivity: Algorithms are tested on sorted, reverse-sorted, and random inputs 

to observe best, worst, and average performance. 

  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 30 September 2025 doi:10.20944/preprints202509.2550.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202509.2550.v1
http://creativecommons.org/licenses/by/4.0/


 6 of 12 

 

3.3. Research Contribution 

This study contributes to the field in the following ways: 

1. Empirical Benchmarking: Provides experimental data for classical sorting algorithms on real-

world datasets. 

2. Multi-Metric Evaluation: Goes beyond execution time to include memory, swaps, and 

stability. 

3. Visual Analysis: Uses bar charts, box plots, scatter plots, and heatmaps for intuitive 

comparisons. 

4. Practical Insights: Offers guidance for algorithm selection based on dataset characteristics 

and application requirements. 

4. Results 

This section presents the empirical results of our experiments comparing four classical sorting 

algorithms on the Iris dataset. We evaluated each algorithm on execution time, memory usage, 

number of swaps, and stability across multiple runs. Visualizations are included to provide clear 

comparative insights. 

4.1. Execution Time Analysis 

The execution time was measured across all algorithms over five iterations to ensure consistency. 

Table 1 summarizes the average and standard deviation of execution times for all algorithms. 

Table 1. Average execution time, memory usage, swaps, and stability for Bubble Sort, Quick Sort, Merge Sort, 

and Heap Sort.). 

Algorithm Avg Time (s) Std Time 
Avg Memory 

(MiB) 
Std Memory Avg Swaps Std Swaps Stable 

Bubble Sort 0.010768 0.006609 0.0 0.0 2515.0 0.0 False 

Quick Sort 0.000301 0.000066 0.0 0.0 568.0 0.0 False 

Merge Sort 0.000981 0.000058 0.0 0.0 689.0 0.0 False 

Heap Sort 0.002013 0.000758 0.0 0.0 992.0 0.0 False 

Figure 3 illustrates the average execution time along with standard deviation for each algorithm. 

Bubble Sort exhibits the slowest performance, taking an average of 0.0108 seconds, whereas Quick 

Sort is the fastest at 0.0003 seconds. Merge Sort and Heap Sort fall in between, with average times of 

0.00098 and 0.00201 seconds respectively. 
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Figure 3. Average execution time of sorting algorithms with error bars representing standard deviation. 

The boxplot in Figure 4 shows the distribution of execution times across iterations. Quick Sort 

demonstrates minimal variance, indicating consistent performance, while Bubble Sort shows higher 

variability. 

 

Figure 4. Execution time distribution for each sorting algorithm over five runs. 

4.2. Computational Effort: Swaps/Comparisons 

The number of swaps or element comparisons provides insight into the computational effort 

required by each algorithm. Bubble Sort required the highest number of swaps (2515), followed by 

Heap Sort (992), Merge Sort (689), and Quick Sort (568). Figure 5 visualizes this metric, including 

standard deviation across runs. 
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Figure 5. Average number of swaps or comparisons performed by each algorithm. 

A scatter plot comparing execution time versus swaps is shown in Figure 6. Stable algorithms 

are marked in blue, and unstable ones in red. Bubble Sort, despite being simple, incurs high 

computational effort with comparatively slower execution time. Quick Sort achieves high efficiency 

with fewer swaps. 

 

Figure 6. Relationship between average execution time and swaps. 

4.3. Heatmap of All Metrics 

To provide a consolidated view of performance, a heatmap of average execution time, memory 

usage, and swaps is presented in Figure 7. This visualization highlights the trade-offs between 

computational effort and speed. Quick Sort is clearly the most efficient, while Bubble Sort is the least 

efficient, both in time and swaps. 
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Figure 7. Heatmap summarizing execution time, memory consumption, and swaps for all sorting algorithms. 

4.4. Observations 

1. Execution Time: Quick Sort is consistently the fastest, with minimal variance across runs. 

Bubble Sort is significantly slower due to its O(n²) complexity. 

2. Memory Usage: For the small Iris dataset, memory overhead is negligible for all algorithms. 

Merge Sort would likely show higher memory consumption on larger datasets due to temporary 

array allocations. 

3. Swaps/Comparisons: Bubble Sort’s high swap count confirms its computational inefficiency. 

Quick Sort and Merge Sort require fewer swaps, making them preferable for larger datasets. 

4. Stability: None of the tested implementations were stable on the Iris dataset. Merge Sort 

theoretically supports stability, indicating potential implementation considerations. 

5. Trade-offs: Heap Sort demonstrates a balance between execution time and swaps but lacks 

stability. Quick Sort offers the best overall efficiency for time-critical tasks, whereas Merge Sort 

ensures stability in theory but may consume additional memory in practice. 

5. Conclusion 

This study evaluated four classical sorting algorithms using a real-world dataset from the UCI 

Machine Learning Repository. The analysis measured execution time, memory usage, number of 

swaps, and stability. Quick Sort achieved the fastest execution time and required fewer swaps. Bubble 

Sort showed the highest computational effort and slowest performance. Merge Sort provided 

moderate execution time and swaps and offered stability depending on implementation. Heap Sort 

delivered predictable O(n log n) performance while remaining unstable. Memory usage remained 

low for all algorithms on the dataset. The results emphasize the importance of selecting sorting 

algorithms based on empirical performance metrics. Quick Sort suits time-sensitive tasks, Merge Sort 

supports stability, Bubble Sort fits small datasets or educational purposes, and Heap Sort offers 

consistent performance. The findings provide practical guidance for algorithm selection in real-world 

applications. 
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