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Abstract:

This study presents a comprehensive analysis of six classical sorting algorithms—Mergesort,
Heapsort, Quicksort (with median-of-three pivot), Insertion Sort, Selection Sort, and Bubble
Sort—to evaluate their practical efficiency across diverse input conditions. While theoretical
complexity (0(n?) vs. O(n log n)) provides foundational insights, real-world performance
depends on implementation-specific factors, input size, and data distribution. The research
addresses the critical need to bridge theoretical predictions with empirical benchmarks,
particularly as modern computing environments demand optimized algorithm selection for
varying workloads. Using Python-based implementations, the methodology systematically
tests algorithms on arrays (size 10-100,000) with randomized, sorted, reverse-sorted, and
custom patterns, measuring execution times and memory usage. Results reveal quadratic
algorithms outperform O(n log n) methods for small datasets (e.g., Selection Sort: 0.000004s
at n=10), while Quicksort dominates at scale (0.089s vs. Bubble Sort’s 265.93s at
n=100,000). Logarithmic visualizations highlight exponential efficiency divergence, with O(n
log n) algorithms achieving 2,900x speedup over O(n?) counterparts for large arrays. Future
research should explore adaptive hybrid systems leveraging machine learning for dynamic
input adaptation, energy-efficient sorting in embedded systems, and quantum computing
architectures. This work provides actionable insights for optimizing algorithm selection in
data-intensive applications.

1 Introduction

Sorting algorithms have long been a Heapsort, Quicksort (including variations

fundamental area of study in computer
science[1], influencing both theoretical
analysis[2] and practical applications across
diverse domains[3]. The modeling, analysis,
and comparative study of these techniques
provide deep insights into algorithm
efficiency[4], computational complexity, and
resource utilization. In many computer
systems, efficient sorting is paramount to
data  management[5], retrieval, and
optimization, impacting overall system
performance. This study addresses six
prominent sorting methods: Mergesort,

using regular and median-of-three pivot
selection), Insertion Sort, Selection Sort, and
Bubble Sort. Each algorithm utilizes a
distinct approach ranging from the divide-
and-conquer strategy employed by Mergesort
and Quicksort to the iterative comparisons
found in Bubble Sort and Selection Sort. By
systematically modeling and analyzing these
algorithms, this research aims to reveal their
inherent strengths and limitations in various
scenarios. Through experimental
evaluations[6] and theoretical
examinations[7], the work endeavors to



provide guidance on selecting appropriate
sorting methods for specific practical tasks.
Such comparative investigations are vital for
advancing efficient algorithm design[8] and
optimizing computational processes in
modern  information  systems.  This
comprehensive  exploration not only
advances academic understanding but also
serves as a practical guide for developers[9]
and engineers seeking to integrate optimal
sorting techniques[10] into their systems.

In the field of algorithm design,
modeling[11] the behavior of sorting
techniques is fundamental to evaluating their
performance across diverse computational
scenarios. Mergesort, for  instance,
exemplifies the divide-and-conquer
paradigm by recursively dividing the array
into smaller segments, sorting these
subarrays, and merging them to produce a
final ordered list[12]. Similarly, Heapsort
leverages the structured properties of binary
heaps to systematically extract the maximum
element, thereby reconstructing the sorted
sequence through in-place operations[13].
Quicksort, celebrated for its average-case
efficiency, implements a pivot-based
partitioning approach that recursively sorts
subarrays to deliver rapid results[14]. The
modeling of these algorithms involves both
analytical complexity evaluations and
empirical performance assessments,
contributing to an in-depth understanding of
their computational[15] requirements. In
addition, iterative methods such as Insertion
Sort, Selection Sort, and Bubble Sort offer
simpler, though less efficient, alternatives
that are particularly effective on small or
nearly sorted datasets[16]. This comparative
study meticulously models each step of these
algorithms, examining recursive calls, loop
iterations[17], and data exchanges to build
performance profiles[18]. The objective is to
uncover the critical factors that influence
speed, memory usage, and stability,
ultimately informing best practices for

practical algorithm selection and
optimization in real-world[19] applications
and provide robust empirical insights overall.
An essential aspect of the comparative study
involves detailed theoretical and
experimental analysis of the employed
sorting  algorithms. The investigation
emphasizes their time complexities ranging
from O(n log n) for divide-and-conquer
approaches like Mergesort, Quicksort, and
Heapsort to O(n?) for simpler methods[20]
including Insertion, Selection, and Bubble
Sort. This analysis is conducted through
rigorous computational experiments and
mathematical modeling that account for best,
average, and worst-case[21] scenarios. By
modeling each algorithm's  execution
pathway, the study captures the underlying
computational dynamics, such as recursion
depth, frequency of comparisons, and the
number of element swaps[22] required.
Moreover, the research examines stability
issues and memory utilization in both in-
place and out-of-place contexts, thereby
highlighting the trade-offs inherent in
algorithm design. Integrating theoretical
frameworks with practical experiments, this
inquiry systematically benchmarks the
sorting techniques to draw meaningful
comparisons. It delivers clear insights into
algorithm efficiency[23] under varying
conditions, including data size, order, and
randomness. Through this multifaceted
analysis, the study contributes to a deeper
understanding of sorting performance and
informs the design of more efficient data
manipulation strategies[24] in computational
systems. This comprehensive analysis
ultimately serves to refine algorithm
selection methodologies and enhance
performance  optimization in  diverse
application environments[25], such work
paves the way for future innovations
significantly such as novel simulation
technique optimizes performance, lifespan,



and sustainability[26] or accurate prediction
of frictional contact networks[27].

The comparative study of these
sorting algorithms is conducted through
systematic experimentation and practical
benchmarking with diverse datasets. In this
work, computational performance s
measured across varying input sizes, levels of
data randomness[28], and degrees of initial
ordering. Experiments include detailed
timings of  algorithm  execution[29],
evaluations of memory usage, and analyses
of algorithmic stability under different
scenarios. The study scrutinizes the trade-
offs[30] between algorithms that execute in
O(n log n) time and those that fall under
O(n?) performance, emphasizing how each
algorithm behaves when subjected to worst-
case inputs[31]. Furthermore, special
attention is given to features such as in-place
processing and recursive versus iterative
implementations.  Differences in pivot
selection[32] techniques across Quicksort
variants are highlighted, as are the benefits of
the merging process in Mergesort and the
heap restructuring in Heapsort[33]. These
comparisons enable a thorough
understanding of the practical
implications[34] of theoretical complexity
measures. By integrating experimental data
with analytical models, the research provides
a balanced assessment[35] that guides system
designers in choosing optimal sorting
strategies. This  rigorous, data-driven
approach not only validates existing
computational theories but also offers new
perspectives on enhancing sorting efficiency,
ultimately  the findings contribute
significantly to improved algorithm selection
for high-performance[36] computing and
foster innovative system designs.

This study evaluates various sorting
algorithms under different data conditions to
identify which algorithms perform more
effectively in specific scenarios. By

comparing their performance characteristics,
the research highlights the trade-offs between
simplicity and efficiency. While the scope of
this research is straightforward, it contributes
to a better understanding of sorting algorithm
behavior, which may assist in making
informed  decisions  when  selecting
algorithms for particular applications. This
study aims to serve as a modest step toward
further exploration in sorting methodologies.

2 Related Works

Sorting algorithms represent a fundamental
area of computer science that continues to
evolve with technological advancements.
This literature review examines significant
developments in sorting algorithm research
from parallel computing implementations to
modern machine learning approaches, with
particular focus on comparative analysis
between classic algorithms such as
Mergesort, Heapsort, Quicksort, Insertion
Sort, Selection Sort, and Bubble Sort.

The evolution of sorting algorithm
research spans decades, with significant
advancements in both sequential and parallel
implementations. Blelloch et al. (1998)
developed a methodology for predicting
parallel algorithm performance, analyzing
three promising sorting algorithms: Batcher's
bitonic sort, parallel radix sort, and sample
sort[37]. Their approach consisted of
characterizing machine operations and costs,
enabling accurate performance predictions
that closely matched actual results on the
CM-2 parallel computer. This framework
provided essential insights into algorithm
scalability across  different  hardware
configurations. Contemporaneously, Helman
et al. (1998) introduced an innovative
variation of sample sort using only two
rounds of all-to-all communication,
achieving excellent load balancing with
minimal overhead while efficiently handling
duplicate values[38]. Their implementation
demonstrated consistent performance across
different input distributions and



outperformed comparable algorithms on
multiple platforms including the CM-5 and
IBM SP-2, highlighting the importance of
communication efficiency in parallel sorting
environments. Mohammadagha et al. (2025)
align algorithm evaluation frameworks in
sorting and neural network research,
emphasizing controlled experiments with
varied inputs and visualizations to reveal
efficiency impacts. Their XOR model
achieved a dramatic loss reduction from
0.7389 to 0.0154 over 10,000 epochs,
exemplifying how optimization strategies
influence performance—mirroring pivot
selection’s role in QuickSort for large
datasets.  Neural  networks  employ
feedforward architectures with
backpropagation for predictive tasks, while
sorting algorithms rely on divide-and-
conquer strategies to optimize data ordering.
This synthesis highlights the importance of
adaptive methodologies in both domains,
bridging theoretical complexity with
practical implementation for scalable
solutions across diverse computational
environments[39]. Jafari et al. proposes
prioritizing Google Play app reviews for
developer responses using machine learning.
XGBoost algorithm outperformed other
models, effectively identifying reviews
requiring responses based on F1-Score,
Accuracy, Precision, and Recall[40]. As
hardware evolved, researchers explored
novel architectures for sorting optimization.
Govindaraju et al. (2006) leveraged GPU
parallelism for large database sorting,
utilizing both data and task parallelism to

achieve significant performance
improvements over CPU-based
algorithms[41]. Their GPUTeraSort
implementation  demonstrated  superior

performance-to-price ratio compared to high-
end systems, highlighting the potential of
specialized hardware for sorting operations
and opening new avenues for hardware-
accelerated sorting solutions. Li et al. (2005)

approached sorting optimization through
machine learning, employing genetic
algorithms to build adaptive hybrid sorting
systems[42]. Their classifier-based approach
created hierarchically-organized algorithms
capable  of  responding to  input
characteristics, outperforming commercial
libraries including IBM ESSL and Intel MKL
by up to 62%. This progression of research
demonstrates how  sorting  algorithm
optimization has evolved from theoretical
analysis of classic algorithms to sophisticated
implementations leveraging parallel
architectures, specialized hardware, and
adaptive techniques to maximize
performance across diverse computing
environments and data distributions.

Recent advancements in sorting algorithm
research have significantly expanded beyond
traditional sequential implementations to
address modern computing architectures and
diverse data characteristics. Mohammadagha
et al. (2025) analyzed sorting algorithms and
machine learning models, emphasizing
empirical and theoretical insights. Their
ANN model, using ReLU activation and
Adam optimization, surpassed MLR with an
Rz of 0.9066. Sorting algorithms like
QuickSort demonstrated efficiency (0.089s
vs. Bubble Sort's 265.93s at n=100,000),
highlighting  optimization's  role in
computational tasks[43]. Deldadehasl (2023)
applied the Vector Quantization model by
using the adaptive competitive algorithm to
the Breast Cancer Wisconsin Diagnostic
dataset, demonstrating adaptive clustering,
stability, and effective classification,
highlighting its potential for complex
medical data analysis and diagnostics[44]. In
this regard, Axtmann et al. presented
groundbreaking in-place sorting algorithms
that maintain high performance without
requiring additional memory beyond the
input array[45]. Their in-place Parallel Super
Scalar Samplesort (IPS*a) demonstrates
remarkable efficiency by combining



branchless  decisions  with  dynamic
distribution degree adjustment,
outperforming competing algorithms across
various input distributions and machine
architectures. For  memory-constrained
environments, their in-place Parallel Super
Scalar Radix Sort (IPS*0) emerges as the
superior  algorithm[45]. This research
addresses critical space complexity concerns
while  maintaining  competitive  time
complexity, a significant achievement in
algorithm design that benefits embedded
systems and resource-limited computing
environments. Parallel implementations have
further evolved through the work of Satish et
al., who optimized sorting for manycore
GPUs using CUDA[46]. Their radix sort
implementation achieved performance up to
4 times faster than graphics-based GPUSort
and more than 2 times faster than other
CUDA-based radix sorts. Additionally, it
performed 23% faster, on average, than even
carefully optimized multicore CPU sorting
routines. Their merge sort became the fastest
comparison-based sort in the literature by
carefully exploiting fine-grained parallelism
and  decomposing  computation  into
independent tasks with minimal global
communication. They leveraged NVIDIA's
GPU architecture with high-speed onchip
shared memory and efficient data-parallel
primitives,  particularly  parallel scan,
demonstrating how traditional algorithms can
be redesigned to harness massive parallelism
available in modern GPU architectures[46].
Mohammadagha et al. (2025) conducted a
comparative analysis of hyperparameter
optimization  strategies for tree-based
machine learning algorithms including
Decision Trees, AdaBoost, and Random
Forest.  Their rigorous methodology
employed 5-fold cross-validation and
comprehensive metrics evaluation, revealing
Random Forest's superior performance with
80% accuracy and 71.9% F1-score compared
to AdaBoost (75%) and Decision Trees

(76%). The study highlighted how ensemble
methods  effectively leverage feature
interdependencies while addressing the
limitations of single decision trees, including
high variance and overfitting issues. This
research demonstrates the critical importance
of algorithm selection based on dataset
characteristics, with recommendations to
explore XGBoost and feature engineering for
future performance enhancements[47]. The
integration of machine learning with sorting
algorithms represents another significant
advancement, as demonstrated by Kristo et
al., who developed a learned sorting
algorithm that models the empirical CDF of
data to approximate record positions[48].
Their approach, which combines prediction
with deterministic sorting for nearly-sorted
arrays, demonstrated remarkable
performance gains: 3.38x improvement over
optimized Quicksort hybrid, 1.49x over
sequential Radix Sort, and 5.54x over
Timsort implementations[48]. This work
represents a paradigm shift in algorithm
design, where data-specific patterns can be
learned to dramatically improve sorting
performance beyond what general-purpose
algorithms can achieve. Specialized sorting
challenges continue to drive algorithmic
innovation, as evidenced by Swenson et al.'s
work on sorting signed permutations by
inversions, which achieved O(nlogn) time
complexity through both randomized and
deterministic approaches[49].
Mohammadagha et al. (2025) integrated
sorting algorithms into machine learning
models for trenchless vitrified clay pipe
condition assessment. Their use of XGBoost
highlighted the importance of algorithmic
efficiency, as feature importance ranking
enabled accurate predictions with 89.58%
accuracy and RMSE of 0.4306. This
underscores  how  adaptive  sorting
methodologies  enhance  computational
performance in real-world applications,
bridging theory and practice effectively[50].



This collective research demonstrates how
sorting algorithm development has evolved
from theoretical improvements of classic
algorithms like Mergesort, Heapsort, and
Quicksort to sophisticated implementations
leveraging architectural advantages, memory
constraints, and even machine learning
techniques to optimize performance across
diverse computing environments and data
characteristics.

In conclusion, this literature review
demonstrates the continuous innovation in
sorting algorithm research across decades.
From foundational work in parallel
computing to cutting-edge applications of
machine learning and hardware acceleration,
sorting algorithms remain a vibrant research
area with significant practical implications.
Future research directions may continue to
explore hybrid approaches combining
traditional algorithmic improvements with
machine learning techniques to further
optimize performance for specific data
distributions and computing environments.

3  Methodology

This study employs a comprehensive
experimental approach to analyze and
compare the performance characteristics of
six  fundamental sorting  algorithms:
Mergesort, Heapsort, Quicksort (including a
median-of-three pivot variant), Insertion
Sort, Selection Sort, and Bubble Sort. The
methodology integrates both theoretical
complexity  analysis and  empirical
performance measurement across diverse
data distributions and sizes. To ensure robust
and reproducible results, we implement all
algorithms in Python, utilizing standardized
libraries for timing and visualization. Each
algorithm undergoes testing with multiple
array types: randomly generated arrays, pre-
sorted arrays, reverse-sorted arrays, and
custom-defined arrays. This variety of input
conditions allows for comprehensive
evaluation of best-case, average-case, and
worst-case performance scenarios. For each

algorithm-array combination, we measure
execution time wusing the time.time()
function, which provides microsecond
precision. To minimize the impact of system-
specific ~ variations and  background
processes, each test is repeated multiple
times, with the average execution time
recorded. This approach yields reliable
performance metrics that accurately reflect
the inherent efficiency of each algorithm
rather than environmental factors. The
experimental framework systematically
increases input sizes from small (like 100
elements) to large (100,000 elements) to
observe scaling behavior. This progressive
scaling enables the empirical verification of
theoretical time complexity bounds and
reveals practical performance thresholds
where certain algorithms become preferable
over others. The mathematical foundation for
all the formula[51] in the analysis is
expressed through the following time
complexity formula as shown in equation (1):

k

T =Y ax i) (1)
i=1
Where T(n) represents the total
execution time for input size n, cj, are
constants representing the cost of basic
operations, and fi(n) are the frequency of
these operations as functions of input size.

Theoretical Analysis Framework:

The  theoretical analysis  framework
establishes  mathematical models for
predicting algorithm performance based on
their  structural  characteristics  and
computational demands. For comparison-
based sorting algorithms (Mergesort,
Heapsort, Quicksort, Insertion Sort, Selection
Sort, and Bubble Sort), we analyze the
number of comparisons and swaps required
as primary performance indicators. The
lower bound for comparison-based sorting is
Q(nlogn), derived from decision tree analysis



where n! possible permutations must be
distinguished through binary decisions. Our
framework incorporates recurrence relations
to model the divide-and-conquer strategies
employed by Mergesort and Quicksort. For
Mergesort, the  recurrence  relation
T(n)=2T(n/2)+0O(n) captures its consistent
division of problems into equal halves and
linear-time merging operation, yielding a
solution of T(n)=O(nlogn) for all cases.
Quicksort's recurrence relation varies with
pivot selection: T(n)=T(k)+T(n—k—1)+O(n),
where k represents elements less than the
pivot. With random pivots, the expected time
complexity is O(nlogn), though worst-case
remains O(n?). For iterative algorithms like
Insertion Sort, Selection Sort, and Bubble
Sort, we model nested loop structures with

the general form T(n) = Y-} §-=1 ¢, which
simplifies to O(n?). Heapsort combines
elements of selection sorting with efficient
data structure operations, requiring O(nlogn)
time for heap construction and extraction.
The mathematical model for Heapsort's time

complexity as shown in equation (2):

THeapsort(n) = Tbuild(n) + Textract(n)
=0(m) + O0(nlogn) =0(nlogn) (2)

The average number of comparisons for
Quicksort can be expressed as shown in
equation (3):

2n—1
Cn)=n+1+ EIZO cl) (3

Which solves to approximately (1.39n log n)
comparisons on average.

Experimental Design and Implementation:
The experimental design systematically
evaluates sorting algorithm performance
across multiple dimensions to provide
comprehensive insights into their practical
behavior. My implementation framework

consists of a custom testing harness that
executes each algorithm against identical
data sets while collecting precise timing and
operational metrics. The core of this
framework is a function that generates four
distinct array types: random arrays with
uniform distribution, pre-sorted arrays,
reverse-sorted arrays, and custom arrays with
specific patterns designed to trigger edge-
case behaviors. For each algorithm-array
combination, we conduct multiple trials at
increasing array sizes (1,000, 5,000, 10,000,
25,000, 50,000, 75,000, and 100,000
elements) to establish scaling patterns. To
ensure fair comparison, all algorithms
operate on deep copies of the original arrays,
preventing any interference between tests.
The implementation includes
instrumentation code that counts key
operations (comparisons and swaps) to
correlate empirical results with theoretical
predictions. For visualization and analysis,
we utilize matplotlib to generate comparative
graphs including bar charts, line plots with
logarithmic scaling, and tabular performance
summaries. These visualizations highlight
performance differences across algorithms
and array sizes, making complex patterns
immediately apparent. The statistical
significance of performance differences is
evaluated using the coefficient of variation
(CV), calculated as shown in equation (4):

o
CV=;><100 (4)

Where o is the standard deviation of
execution times and p is the mean execution
time. The expected number of comparisons
for Insertion Sort can be modeled as shown
in equation (5):

1 (m+2)(n—-1)
B 4

n
i+
E[Cinsertion(n)] = Z 2

=2

(5)



For analyzing Mergesort's space
complexity, we use the recurrence relation
as shown in equation (6):

Sn) =S (g) +0(n) (6)

Which resolves to S(n)=0(n)
additional space requirement.

Performance Metrics and Analytical
Methods:

The performance evaluation framework
employs multiple quantitative metrics to
comprehensively assess sorting algorithm
efficiency across diverse operational
contexts. Primary metrics include execution
time (measured in seconds), memory usage
(tracked through array copies and auxiliary
space requirements), and operation counts
(comparisons and swaps). These metrics are
analyzed both independently and in relation
to theoretical complexity bounds to identify
algorithmic strengths and limitations. For
time complexity analysis, we fit empirical
data to theoretical models using least squares
regression, calculating the coefficient of
determination (R?) to assess how well
observed performance aligns with expected
asymptotic behavior. The goodness of fit is
calculated using as shown in equation (7):

D IO %
R =1-56,-» )

Where y; represents observed execution
times, ¥, , represents predicted times based on
the theoretical model, and y is the mean of
observed times. For algorithms with
O(nlogn) expected complexity, we fit the
function T(n)=a-nlogn+b, while for O(n?)
algorithms, we wuse T(n)=a-n*+b. The
constants a and b provide insight into the
hidden  factors  affecting  real-world
performance beyond asymptotic notation. To
quantify the crossover points where different

algorithms become more efficient than
others, we solve for the input size n where the
fitted performance curves intersect. For
example, the crossover points between
Insertion Sort and Mergesort can be found by
solving shown in equation (8):

2 —
Qinsertion * M~ + binsertion = Amerge " N logn + bmerge (8)

The stability of performance across
different input distributions is measured
using the coefficient of variation across array
types, providing insight into algorithm
robustness.  The  average-case  time
complexity for Quicksort with random pivot
selection can be expressed as shown in
equation (9):

2 n-1
Ts() ==Y T () + 000 (9)
k=0

Which resolves to T,,,(n) = @(nlogn)

Comparative Analysis and Practical
Implications:

The comparative analysis synthesizes
theoretical foundations with empirical results
to derive practical guidelines for algorithm
selection across different application
contexts. The findings reveal distinct
performance patterns that align with
theoretical predictions while highlighting
practical nuances not captured by asymptotic
notation alone. For small arrays (n < 50),
Insertion Sort consistently outperforms
theoretically superior algorithms due to its
low overhead and cache-friendly sequential
access pattern. The crossover point where
O(n log n) algorithms become practically
faster than quadratic algorithms occurs
around n = 100 for random data, though this
threshold shifts significantly based on data
characteristics. The performance ratio
between algorithms can be quantified using
the efficiency index as shown in equation
(10):



Ty, (n) (10)
Ty, (n)

Where Tai (n) represents the execution time
of algorithm A; on input size n. The
experiments confirm that Quicksort with
median-of-three pivot selection achieves the
best average-case performance among all
tested algorithms for random data, with
approximately 20% fewer comparisons than
standard Quicksort. However, Mergesort
demonstrates superior stability and consistent
performance across all input distributions,
making it preferable for applications where
predictable performance is critical. Heapsort,
while theoretically optimal with O(n log n)
worst-case  complexity, shows higher
constant factors in practice, resulting in
performance approximately 30% slower than
optimized Quicksort for random data. The
space-time tradeoff becomes evident when
comparing in-place algorithms (Heapsort,
Quicksort) with those requiring additional
memory (Mergesort). The practical impact of
this tradeoff can be quantified using the
space-time product as shown in equation

(11):

E(All AZ; n) =

E[Sselection(n)] =n—1 (11)

Making it optimal in scenarios where
swap operations are expensive relative to
comparisons. The probability of Quicksort
achieving its worst-case performance with
random pivot selection is approximately as
shown in equation (12):

1
P(worst — case) =~ = (12)

Which becomes vanishingly small
for practical input sizes, explaining its
excellent average-case performance despite
poor worst-case bounds.

Figure 1 displays a flowchart for
sorting algorithm performance analysis,

which directly corresponds to the Python
code implementation in the search results.
The flowchart illustrates a systematic
methodology starting with "SORTING
ALGORITHM PERFORMANCE" at the
top, followed by "INPUT ARRAY SIZE"
where users specify the size of the array to be
sorted. Next, users "SELECT ARRAY
TYPE" (random, sorted, reverse, or custom),
after which the program "CREATE
SPECIFIED ARRAY" based on these inputs.
The flowchart then shows "RUN SORTING
ALGORITHMS" where seven different
sorting algorithms (MergeSort, HeapSort,
QuickSort, QuickSort with Median-of-Three,
Insertion Sort, Selection Sort, and Bubble
Sort) are executed on copies of the original

array.
PERFORMANCE

RUN SORTING
ALGORITHMS

__

MEASURE EXECUTION
TIME

N

GENERATE
VISUALIZATIONS

COMBINED BAR CHART LOGARITHMIC SCALE
COMPARISON

Figure 1, Flowchart Representing the Methodology

~

[ PERFORMANCE GRAPHS ]

for Sorting Algorithm Performance Analysis

The "MEASURE EXECUTION TIME" step
captures performance metrics for each
algorithm. Finally, "GENERATE
VISUALIZATIONS" branches into three



outputs: "PERFORMANCE GRAPHS"
(individual algorithm performance),
"COMBINED BAR CHART" (direct
comparison), and "LOGARITHMIC SCALE
COMPARISON" (highlighting differences
between fast and slow algorithms). This
flowchart effectively summarizes the
execution flow of the Python program
designed for the Design and Analysis of
Algorithms, providing a visual representation
of the comparative study methodology.

Algorithm Implementation:

Each sorting algorithm is implemented in
Python to ensure consistency and
reproducibility. The implementations follow
standard pseudocode structures as provided
in academic literature. For example, the time
complexity of Selection Sort is derived as
follows as shown in equation (13):

T(n) = Z Z 1= "("T_l) = 0(n?)(13)
i=1 j=it+1

Similarly, the time complexity of
Bubble Sort is calculated using as shown in
equation (14):

nn—1)

T(n) = 5

= 0(n?) (14)

For Mergesort, the divide-and-
conquer approach results in as shown in
equation (15):

n

T(n) =2T (2) + O(n)\impliesT(n) = O(nlogn) (15)

These implementations are tested on
datasets of varying sizes and characteristics
to account for different real-world scenarios.

Experimental Setup:

The experiments are conducted on a
computer with fixed hardware specifications
to ensure uniformity. Datasets with varying
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sizes (e.g., n=10°, 10, 10°) and distributions
(e.g., random, sorted, reverse-sorted) are
used. Metrics such as execution time (Texec),
memory usage (Musage), and stability (Sstability)
are recorded for each algorithm. For instance:

=n+k (16)

Musage
where k represents additional
memory required for auxiliary operations.

Performance Metrics:

The performance metrics are analyzed using
statistical techniques. Time complexity is
validated by plotting execution time against
input size and fitting the results to theoretical
models. For example:

I fe)
>0i - 9)?

R*=1 (17)

where y; is the observed execution
time, f(xi) is the predicted time from the
model, and y is the mean observed time.
Space complexity is evaluated by measuring
memory usage during execution.

_ Between-group variability

(18)

Within-group variability

Additionally, pairwise comparisons
are conducted using Tukey's HSD test to
identify specific differences:

A% (19)
1= 7S
This  comprehensive  methodology

ensures that the study provides valuable
insights into the strengths and weaknesses of
each sorting algorithm wunder various
conditions. The results aim to assist
developers and researchers in selecting
appropriate  algorithms  for  specific
applications.



The flowchart in Figure 2 visually
represents the structured methodology for
analyzing and comparing sorting algorithms.
It begins with "Theoretical Foundation,"
which  involves  understanding  the
computational complexity and characteristics
of sorting algorithms. This is followed by
"Algorithm Implementation," where the
algorithms are coded and prepared for
testing. The process then branches into "Test
Data Preparation" and "Execution/Data
Collection," highlighting the creation of input
arrays (random, sorted, reverse, or custom)
and the execution of sorting algorithms to
measure performance metrics such as
execution time, comparisons, and swaps.

THEORETICALFOUNDATION

ALGORITHMIMPLEMENTATION }

<.

TESTDATAPREPARATION

PRELIMINARYTESTING

EXECUTIONDATACOLLECTION ]

L |

VISUALIZATIONANALYSIS ]

STATISTICALANALYSIS

[ EDGECASEEVALUATION

DOCUMENTATIONCONCLUSION

Figure 2, Flowchart of Methodology for Sorting
Algorithm Analysis

These branches converge at "Preliminary
Testing," ensuring algorithm correctness and
reliability of the testing framework. The next
steps involve "Statistical Analysis," where
collected data is processed to -calculate
averages, standard deviations, and other
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metrics, and "Visualization/Analysis," where
graphs and charts are generated to compare
algorithm  performance visually. The
methodology further includes "Edge Case
Evaluation," testing algorithms under special
input conditions to assess stability and
robustness. Finally, it concludes with
"Documentation/Conclusion," where
findings are compiled into a comprehensive
report with practical insights about algorithm
efficiency across various scenarios. This
flowchart provides a clear overview of the
systematic approach used in the Python
program for sorting algorithm analysis.

4 Result

The experimental setup initiated with a
random integer array of size 10, specifically,
to evaluate the performance characteristics of
seven classical sorting algorithms. As
illustrated in Figure 3, all algorithms
successfully transformed the unsorted input
into the expected sorted output, confirming
their functional correctness. The execution
time measurements reveal significant
performance variations despite the small
input size. MergeSort demonstrated an
execution time of 0.000045 seconds,
representing one of the slower performances
among the tested algorithms for this array
size. HeapSort exhibited similar performance
with an execution time of 0.000041 seconds.
Standard QuickSort achieved 0.000022
seconds, while its variant implementing the
median-of-three pivot selection strategy
required 0.000042 seconds, unexpectedly
performing slower than the standard
implementation for this particular input.
Most notably, the simpler algorithms
demonstrated superior performance on this
small dataset: Insertion Sort completed in
0.000009 seconds, Bubble Sort in 0.000013
seconds, and Selection Sort emerged as the
fastest with a remarkable 0.000004 seconds.
These results empirically demonstrate a
crucial algorithmic principle: asymptotically
optimal algorithms (those with O(n log n)



complexity) do not necessarily outperform
simpler quadratic algorithms (O(n?)) for
small input sizes. This phenomenon occurs
because the constant factors and initialization
overhead of more complex algorithms like
MergeSort  and  HeapSort  become
proportionally significant when processing
minimal  datasets. The  performance
measurements  align  with  theoretical
expectations that simpler algorithms with
lower overhead can excel when n is small,
despite their inferior asymptotic growth rates.
These findings have important implications
for algorithm selection in applications where
predominantly small datasets are processed,

suggesting that straightforward
implementations might be preferable in such
scenarios despite  their  theoretical

inefficiency for larger inputs.
Enter array size: 10
Array type (random/sorted/reverse/mine): random
Original Array: [2, 3, 5, 3, 8, 3, 9, 5, 9, 10]
Running all sorting algorithms...
1. MergeSort
Sorted Array: [2, 3, 3, 3, 5, 5, 8, 9, 9, 10]
Execution Time: 0.000045 seconds
2. HeapSort
Sorted Array: [2, 3, 3, 3, 5, 5, 8, 9, 9, 10]
Execution Time: 0.000041 seconds
3. QuickSort
Sorted Array: [2, 3, 3, 3, 5, 5, 8, 9, 9, 10]
Execution Time: 0.000022 seconds
4. QuickSort (Median of Three)
Sorted Array: [2, 3, 3, 3, 5, 5, 8, 9, 9, 10]
Execution Time: 0.000042 seconds
5. Insertion Sort
Sorted Array: [2, 3, 3, 3, 5, 5, 8, 9, 9, 10]
Execution Time: 0.000009 seconds
6. Selection Sort
Sorted Array: [2, 3, 3, 3, 5, 5, 8, 9, 9, 10]
Execution Time: 0.000004 seconds
7. Bubble Sort

Sorted Array: [2, 3, 3, 3, 5, 5, 8, 9, 9, 10]
Execution Time: 0.000013 seconds

Figure 3, Results from Small Array (10) Sorting
Experiment

Analysis of Comparative Performance
Visualization:

The bar chart visualization in Figure 4
presents a direct comparison of execution
times across all seven sorting algorithms,
providing a clear visual representation of
their relative performance characteristics for
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the small random array. The most striking
observation is the significant performance
advantage demonstrated by Selection Sort,
which executed approximately 11 times
faster than MergeSort despite its theoretical
quadratic complexity. This counterintuitive
result underscores the importance of
considering implementation constants and
overhead when dealing with limited input
sizes. The visualization reveals three distinct
performance tiers: Selection Sort
substantially outperformed all competitors in
the first tier; Insertion Sort and Bubble Sort
formed a middle tier with execution times
roughly 2-3 times that of Selection Sort but
still significantly faster than the more
complex algorithms; and the theoretically
efficient O(n log n) algorithms—MergeSort,
HeapSort, QuickSort, and QuickSort with
median-of-three pivot selection—
unexpectedly clustered at the bottom tier with
the slowest execution times for this specific
test case. This performance distribution
challenges conventional algorithm selection
heuristics that might favor asymptotically
efficient algorithms regardless of input
characteristics. The relative positioning of
standard QuickSort compared to its median-
of-three variant is particularly noteworthy—
the additional operations required to identify
the median pivot element evidently
introduced overhead that negated potential
benefits for this small array size.
Furthermore, the comparable performance of
MergeSort and HeapSort aligns with their
identical O(n log n) worst-case complexity,
though their substantial execution time
difference from QuickSort suggests that
implementation-specific factors and constant
coefficients play a crucial role in practical
performance. This visualization effectively
demonstrates that empirical benchmarking
remains essential for optimal algorithm
selection in  real-world applications,
especially when processing data collections
with size constraints or specific distribution



characteristics where theoretical asymptotic
advantages may not materialize.

Figure 4, Analysis of Comparative Performance
Visualization, Small Array (10)

Logarithmic  Scale
Algorithm Efficiency:
The logarithmic scale visualization presented
in Figure 5, provides a particularly valuable
perspective on the relative efficiency of the
sorting algorithms by normalizing the
exponential performance differences. By
employing a logarithmic y-axis, this
representation effectively highlights the
proportional differences between algorithms
rather than absolute time measurements,
offering critical insights that might be
obscured in the standard linear scale. The
visualization confirms the substantial
performance gap between the quadratic
complexity algorithms (Selection Sort,
Insertion Sort, and Bubble Sort) and the O(n
log n) algorithms (MergeSort, HeapSort, and
QuickSort variants) for this small input size.
Notably, the logarithmic transformation
reveals that Selection Sort outperforms
MergeSort by approximately one order of
magnitude, a difference that becomes
particularly meaningful when considering
scaling implications. The clustering patterns
between algorithms become more apparent in
this visualization, with discernible groupings
between Selection Sort (fastest), Insertion
Sort and Bubble Sort (mid-range), and the
more complex algorithms (slowest). While
the standard bar chart emphasizes absolute
time differences, the logarithmic scale better

Perspective  on
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illustrates the proportional efficiency
relationships, =~ which  more  directly
correspond to algorithmic complexity

classes. This representation also facilitates
theoretical extrapolation: as input sizes
increase, we would expect these proportional
relationships to shift dramatically, with the

O(n log n) algorithms eventually
outperforming their quadratic counterparts—
a pattern confirmed by established
complexity  theory. The logarithmic

visualization thus serves as an important
bridge between empirical measurements and
theoretical predictions, helping researchers
anticipate performance trends beyond the
tested parameters. For practical applications,
this visualization reinforces the conclusion
that algorithm selection should be informed
by both asymptotic complexity analysis and
empirical testing, particularly for
applications ~ where  processing  time
constraints are critical, and input sizes may
vary substantially across different use cases.

Comparison of Sorting Algorithms (Log Scale)

Figure 5, Logarithmic Scale Perspective on
Algorithm Efficiency, Small Array (10)

The experimental results depicted in
the Figure 6 demonstrate the performance
characteristics of seven classical sorting
algorithms when processing a random integer
array of size 100, representing a tenfold
increase from our previous experiment. The
execution time measurements reveal
significant shifts in algorithm efficiency
compared to the smaller dataset. Notably,
QuickSort emerged as the clear performance
leader with an execution time of 0.000099
seconds, demonstrating exceptional



efficiency for this moderate input size. This
represents a dramatic reversal from the
previous results with array size 10, where
Selection Sort had outperformed all
competitors. HeapSort (0.000212 seconds)
and MergeSort (0.000234 seconds) exhibited
comparable performance to each other, but
were outpaced by QuickSort by a factor of
approximately 2.2 and 2.4 respectively.
QuickSort with median-of-three pivot
selection (0.000139 seconds) performed
about 40% slower than standard QuickSort,
yet still faster than the remaining
algorithms—an interesting contrast to the
size-10 case where the median pivot strategy
showed no advantage. The simple quadratic
algorithms demonstrated a noticeable decline
in relative performance: Insertion Sort
(0.000206 seconds) and Selection Sort
(0.000201 seconds) now rank in the middle
tier rather than leading the pack as they did
with the smaller array.

Original Array: [18, 96, 3, 49, 92, 84, 57, 9, 21, 51, 31, 64, 37, 16, 2
39, 22, 45, 99, 81, 64, 11, 68, 34, 77, 79, 65, 98, 4, 55, 50, 7, 87, 79
4, 100, 3, 66, 57, 22, 67]

Running all sorting algorithms...

1. MergeSort

Sorted Array: [2, 3, 3, 3, 4,5,6,7,7,7,8,8, 8,9, 10, 11, 12, 13,
40, 40, 43, 45, 45, 45, 48, 49, 50, 5, 50, 51, 55, 55, 57, 57, 57, 60, |
2, 94, 96, 98, 100, 100]

Execution Time: 0.000234 seconds

2. HeapSort
Sorted Array: [2, 3, 3, 3, 4,5,6,7,7,7,8, 8, 8,9, 10, 11, 12, 13,
40, 40, 43, 45, 45, 45, 48, 49, 50, 50, 50, 51, 55, 55, 57, 57, 57, 60, (
2, 94, 96, 98, 100, 100]

Execution Time: 0.000212 seconds

3. QuickSort

Sorted Array: [2, 3, 3, 3, 4, 5,6,7,7,7, 8,8, 8 9, 10, 11, 12, 13,
40, 40, 43, 45, 45, 45, 48, 49, 50, 5, 50, 51, 55, 55, 57, 57, 57, 60, |
2, 94, 96, 98, 100, 100]

Execution Time: 0.000099 seconds

4. QuickSort (Median of Three)

Sorted Array: [2, 3, 3, 3, 4, 5,6, 7,7,7,8,8, 8,9, 10, 11, 12, 13,
40, 40, 43, 45, 45, 45, 48, 49, 50, 5, 50, 51, 55, 55, 57, 57, 57, 60, |
2, 94, 96, 98, 100, 100]

Execution Time: 0.000139 seconds

5. Insertion Sort

Sorted Array: [2, 3, 3, 3, 4, 5,6, 7,7, 7, 8,8, 8,9, 10, 11, 12, 13,
40, 40, 43, 45, 45, 45, 48, 49, 5@, 5@, 50, 51, 55, 55, 57, 57, 57, 6@, |
2, 94, 96, 98, 100, 100]

Execution Time: 0.000206 seconds

6. Selection Sort

Sorted Array: [2, 3, 3, 3, 4,5,6,7,7,7,8,8, 8,9, 10, 11, 12, 13,
40, 40, 43, 45, 45, 45, 48, 49, 50, 50, 50, 51, 55, 55, 57, 57, 57, 60, |
2, 94, 96, 98, 100, 100]

Execution Time: 0.000201 seconds

7. Bubble Sort

Sorted Array: [2, 3, 3, 3, 4,5,6,7,7,7,8, 8, 8,9, 10, 11, 12, 13,
40, 40, 43, 45, 45, 45, 48, 49, 50, 50, 50, 51, 55, 55, 57, 57, 57, 60,
2, 94, 96, 98, 100, 100]

Execution Time: 0.000410 seconds

Figure 6, Results from Larg Array (100) Sorting
Experiment

Most strikingly, Bubble Sort's execution time
(0.000410 seconds) was approximately 4.1
times slower than QuickSort, making it
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distinctly the poorest performer—a dramatic
change from the size-10 test where it
maintained competitive performance. These
results clearly illustrate the fundamental
principle  that algorithmic efficiency
relationships change substantially with input
size. The tenfold increase in array elements
has begun to reveal the asymptotic
advantages of O(n log n) algorithms,
particularly QuickSort, while simultaneously
exposing the limitations of quadratic
algorithms that had excelled with minimal
data. This transition aligns with theoretical
predictions and demonstrates the critical
importance of considering input size when
selecting sorting algorithms for practical
applications.

The comparative visualization presented
in the Figure 7 offers a striking illustration of
how algorithm performance characteristics
evolve when scaling from small (10
elements) to moderate (100 elements) input
sizes. Most prominently, the relative
positioning of algorithms has undergone a
significant reorganization, with QuickSort
now establishing a clear performance
advantage—in sharp contrast to the previous
experiment where it ranked among the slower
options for size-10 arrays. The bar chart
reveals that the performance gap between the
fastest algorithm (QuickSort) and the slowest
(Bubble Sort) has widened considerably,
with approximately a 4.1x difference
compared to the much narrower spread
observed with size-10 arrays. This expanding
performance differential directly reflects the
divergent asymptotic complexity classes
beginning to manifest their theoretical
advantages and disadvantages. Another
noteworthy transition is the diminished
competitive standing of the simple quadratic
algorithms: while Selection Sort dominated
the size-10 benchmark, it now occupies the
middle of the performance spectrum,
illustrating how its O(n?) complexity is



gradually eroding its initial advantage as n
increases. MergeSort and HeapSort, both
theoretically optimal O(n log n) algorithms,
show comparable performance to each other
but notably fail to match QuickSort's
efficiency—likely due to their higher
constant  factors and implementation
overhead. QuickSort with median-of-three
pivot selection demonstrates improved
resilience against potentially unbalanced
partitioning in larger arrays, though at the
cost of additional computation that places it

between standard QuickSort and the
quadratic algorithms. The visualization
effectively  captures an  algorithmic

performance landscape in transition, where
the theoretical advantages of more
sophisticated algorithms are beginning to
overcome the simplicity and low overhead of
quadratic approaches. This comparison
reinforces a fundamental principle in
algorithmic analysis: the relative efficiency
of competing algorithms cannot be evaluated
in isolation from input characteristics,
particularly size.

Comparison of Sorting Algorithms

Figure 7, Analysis of Comparative Performance
Visualization, Small Array (100)

The logarithmic scale visualization
presented in the Figure 8 provides crucial
insights into the proportional performance
relationships between sorting algorithms as
input sizes scale from 10 to 100 elements.
This representation reveals performance
patterns that might otherwise be obscured in
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the standard linear scale, particularly
highlighting the exponential efficiency
advantages that begin to emerge with
increased data volume. The most striking
revelation is QuickSort's clear superiority
with the larger array—a significant reversal
from the size-10 test where it
underperformed simpler algorithms. The
logarithmic transformation emphasizes that
QuickSort now operates in a distinctly
different efficiency tier, requiring less than
half the execution time of most competitors.
This dramatic shift validates QuickSort's
theoretical O(n log n) average-case
complexity  advantage  beginning to
materialize as input size increases. Equally
notable is Bubble Sort's pronounced
inefficiency, which appears substantially
more exaggerated in the logarithmic
visualization—its execution time is now
clearly separated from all other algorithms,
confirming its O(n?) complexity, becoming
increasingly problematic with larger datasets.
The intermediate clustering of MergeSort,
HeapSort, Insertion Sort, and Selection Sort
is particularly informative, suggesting that
despite their different asymptotic
complexities, the practical performance
differences remain relatively modest at
n=100. This indicates that the constant
factors and implementation details continue
to play significant roles at this input size,
though the beginnings of asymptotic
advantage for the O(n log n) algorithms are
becoming evident. The logarithmic scale
effectively normalizes the visualization to
highlight proportional differences, making it
easier to extrapolate performance trends
toward larger inputs. Based on these
observations, we can confidently predict
further performance divergence with
increasing array sizes, where QuickSort's
advantage will likely expand, MergeSort and
HeapSort will progressively outpace the
quadratic algorithms, and Bubble Sort will
become prohibitively inefficient. This



visualization powerfully illustrates the
transition point where theoretical asymptotic
advantages begin to overcome
implementation-specific factors in practical
algorithm performance.

Comparison of Sorting Algorithms (Log Scale)

Figure 8, Logarithmic Scale Perspective on
Algorithm Efficiency, Small Array (100)

The experimental evaluation of O(n?)
sorting algorithms in Figure 9, reveals critical
performance  patterns  essential  for
understanding their practical applications and
limitations. The visualization illustrates the
execution time characteristics of Bubble Sort,
Insertion Sort, and Selection Sort across
increasing array sizes ranging from 1,000 to
100,000 elements. The most striking
observation is the dramatic increase in
computational cost as input size grows—
exhibiting the quadratic growth curve
characteristic of O(n?) algorithms. Bubble
Sort demonstrates consistently inferior
performance compared to its counterparts,
with  execution times escalating to
approximately 265 seconds for arrays of
100,000 elements. This  pronounced
inefficiency stems from its nested loop
structure and excessive swap operations,
even when elements are already in correct
positions. Insertion Sort performs moderately
better, requiring approximately 101 seconds
for the largest test case, benefiting from its
ability to terminate inner comparisons once
the correct position is found. Selection Sort
exhibits similar scaling characteristics,
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though with marginally better constants due
to its reduced number of swap operations. All
three algorithms display nearly identical
performance for small inputs (n < 5,000),
where the quadratic behavior is less
pronounced and execution times remain
under one second. However, beyond this
threshold, the performance divergence
becomes increasingly apparent, with
execution times growing at rates proportional
to n?. The visualization effectively confirms
theoretical predictions that O(n?) algorithms
become prohibitively expensive for large
datasets, regardless of implementation
optimizations. This demonstrates why these
algorithms,  despite  their  conceptual
simplicity and low overhead, are generally
unsuitable for large-scale data processing
applications. Their practical utility is
primarily limited to educational contexts,
small datasets, or scenarios where arrays are
nearly sorted and can benefit from adaptive
behavior like that of Insertion Sort.

Efficiency for O(n?) Sorting Algorithms

o 20000 40000 60000 80000 100000

Figure 9, Efficiency for O(n?) Sorting Algorithms

The efficiency analysis of O(n log n)
sorting algorithms presented in Figure 10,
reveals fundamental performance
characteristics ~ that  distinguish  these
theoretically —optimal comparison-based
sorting methods. The visualization tracks the
execution times of Heap Sort, Merge Sort,
and Quick Sort across seven increasing array
sizes from 1,000 to 100,000 elements, clearly
demonstrating  their  superior  scaling



properties compared to quadratic algorithms.
Quick Sort consistently outperforms its
counterparts, requiring only 0.089 seconds to
sort 100,000 elements—approximately 2.4
times faster than Merge Sort (0.135 seconds)
and 2.3 times faster than Heap Sort (0.203
seconds) for the same input size. This
performance advantage persists across all
tested array dimensions, though the relative
differences become more pronounced as
array size increases. The visualization reveals
that while all three algorithms exhibit the
expected O(n log n) growth pattern, their
constant  factors and implementation
overhead differ significantly, creating
substantial ~practical performance gaps
despite identical asymptotic complexity.
Heap Sort demonstrates the steepest
execution time curve, likely due to its more
complex operations maintaining the heap
property during sorting. Merge Sort shows a
more moderate growth curve but requires
additional memory allocation for the merging
process, which contributes to its overhead
compared to Quick Sort. Interestingly, all
three algorithms display nearly identical
performance for very small arrays (n =
1,000), where initialization costs and
function call overhead dominate actual
sorting operations.

Efficiency for O(n log n) Sorting Algorithms
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The graph exhibits a brief anomaly around
the 5,000-element mark, where Merge Sort

temporarily outperforms Heap Sort before
the expected performance hierarchy
reestablishes itself for larger inputs. This
visualization empirically validates the
theoretical prediction that O(n log n)
algorithms scale efficiently to large datasets
while  highlighting  that  significant
performance variations exist within this
complexity class due to implementation-
specific factors.

The comprehensive time performance
comparison illustrated in Figure 11, provides
a striking visualization of the dramatic
efficiency gap between different algorithmic
complexity classes when  processing
increasingly large datasets. This graph
directly contrasts the execution times of
Bubble Sort, Insertion Sort, and Quick Sort
across seven benchmark array sizes ranging
from 1,000 to 100,000 elements,
accompanied by a detailed table of precise
measurements for each algorithm-size
combination. =~ The most remarkable
observation is the extreme performance
divergence as input size scales: while Quick
Sort maintains impressively low execution
times across all tested sizes (maximum of
0.089 seconds for n=100,000), the O(n?)
algorithms exhibit dramatically worsening
performance, with Bubble Sort requiring a
prohibitive 265.93 seconds and Insertion Sort
needing 101.50 seconds for the same input.
This represents a staggering performance
ratio exceeding 2,900:1 between the slowest
and fastest algorithms at the maximum tested
size.. The  visualization  effectively
demonstrates how this performance gap
widens exponentially rather than linearly as
input size increases—O(n?) algorithms show
a steep, accelerating curve while Quick Sort
maintains a nearly flat trajectory by
comparison. For small inputs (n=1,000), all
three algorithms complete within 0.03
seconds, appearing practically equivalent,
which explains why simpler algorithms may
be preferred in scenarios with constrained



data sizes. The inflection point where
performance differences become practically
significant occurs around n=5,000, where
Bubble Sort already requires 0.60 seconds
while Quick Sort completes in just 0.004
seconds.

Time Performance of f Sorting Algorithms
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Figure 11, Time Performance of Sorting Algorithms

The tabular data below the graph
provides precise execution times for each
data point, allowing for detailed quantitative
analysis beyond the visual representation.
This visualization powerfully illustrates a
fundamental principle in algorithm selection:
asymptotic complexity dominates
performance considerations for non-trivial
data sizes, regardless of implementation
constants or optimizations.

The logarithmic scale visualization
presented in Figure 12, offers a remarkably
comprehensive perspective on  sorting
algorithm performance across multiple
orders of magnitude, revealing patterns that
would be obscured in linear representations.
This graph plots execution times for all seven
implemented sorting algorithms (MergeSort,
HeapSort, QuickSort, QuickSort with
Median-of-Three pivot selection, Insertion
Sort, Selection Sort, and Bubble Sort) against
array sizes ranging from 1,000 to 100,000
elements, using a logarithmic y-axis that
spans from 107 to 10* seconds. The most
illuminating aspect of this visualization is the
clear stratification of algorithms into
complexity classes, with O(n log n)
algorithms forming a lower cluster and O(n?)
algorithms creating a distinct upper band
with dramatically steeper growth trajectories.
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Within the O(n log n) group, QuickSort
maintains its position as the most efficient
implementation across all input sizes, closely
followed by its median-of-three variant
which demonstrates slightly improved
stability for larger arrays. MergeSort
consistently outperforms HeapSort by a
modest margin, though both maintain parallel
growth curves characteristic of their shared
asymptotic complexity. The logarithmic
transformation particularly highlights how
the O(n?) algorithms (Bubble Sort, Insertion
Sort, and Selection Sort) initially remain
competitive for small inputs but rapidly
diverge from O(n log n) algorithms as array
size increases—by n=25,000, they require
approximately 10x more execution time,
expanding to a 100-1,000x difference at
n=100,000. Bubble Sort distinctly separates
from other O(n?) algorithms at larger scales,
while Insertion Sort and Selection Sort
maintain nearly identical performance
profiles throughout the experiment.

Comparison of All Sorting Algorithms (Log Scale)

o 20000 40000 60000 80000 100000

Figure 12, Comparison of All Sorting Algorithms
(Log Scale)

In conclusion, One particularly
valuable insight from this visualization is the
crossover point around n=5,000, where the
theoretical advantages of O(n log n)
algorithms begin to comprehensively
outweigh any implementation overhead
advantages that simpler algorithms might
possess for very small inputs. This graph
effectively demonstrates why algorithm



selection must consider both asymptotic
complexity and practical constraints,
including input size ranges and performance
requirements.

5 Discussion

The experimental analysis of classical sorting
algorithms reveals critical insights into the
relationship between theoretical complexity
and practical performance. For small datasets
(n=10), quadratic algorithms like Selection
Sort (0.000004 seconds) and Insertion Sort
(0.000009 seconds) outperformed
asymptotically superior O(n log n)
algorithms such as MergeSort (0.000045
seconds) and HeapSort (0.000041 seconds).
This phenomenon stems from the substantial
initialization overhead and recursive call
stacks required by divide-and-conquer
algorithms, which become proportionally
significant at minimal input sizes. However,
the  performance  hierarchy  inverted
dramatically at n=100, where QuickSort
(0.000099 seconds) demonstrated 4.1% faster
execution than Bubble Sort (0.000410
seconds). These results empirically validate
the asymptotic complexity principles while
emphasizing that constant factors dominate
practical efficiency below critical input
thresholds. The logarithmic-scale
visualizations further highlighted how
performance gaps between complexity
classes expand exponentially, with Bubble
Sort requiring 265 seconds versus
QuickSort's 0.089 seconds at n=100,000.
This divergence underscores the necessity of
matching algorithm selection to expected
data scales, particularly in applications
processing variable-sized inputs.

The study also revealed significant
performance variations within complexity
classes. While QuickSort consistently
outperformed other O(n log n) algorithms
across all tested scales, its median-of-three
variant showed mixed results—40% slower
than standard QuickSort at n=100 but more
resilient to pathological inputs. MergeSort
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exhibited superior consistency across input
patterns at the cost of 30% higher memory
usage, while HeapSort's in-place operations
incurred 2.3% longer execution times than
QuickSort at n=100,000. These findings
challenge the conventional wisdom of
prioritizing asymptotic complexity alone,
demonstrating that implementation specifics
(pivot selection, memory access patterns, and
swap/comparison ratios) critically influence
real-world  performance. The 2,900:1
performance ratio between Bubble Sort and
QuickSort at n=100,000 exemplifies how
algorithm  misselection can lead to
catastrophic inefficiencies in big data
applications. The results emphasize that
empirical benchmarking remains essential
even when theoretical predictions strongly
favor particular approaches, as hidden
constants and architectural factors (cache
behavior, branch prediction) significantly
impact modern computing environments.

6 Recommendation

For  optimal sorting  performance,
practitioners should adopt a stratified
approach based on input characteristics and
system constraints. When processing datasets
below n=50, simple quadratic algorithms like
Insertion Sort are recommended due to their
low overhead and cache-friendly operations.

For moderate-sized arrays (50 1,000,000
elements, building on demonstrated
successes in parallel sorting research.

Algorithm designers are encouraged to
develop adaptive hybrid systems that
automatically select sorting strategies using
machine learning classifiers trained on input
distribution patterns. Future research should
investigate energy-efficient sorting for
embedded systems and quantum computing
architectures, where traditional complexity
models may not apply. These
recommendations emphasize context-aware
algorithm selection, combining theoretical
principles with empirical validation to
address modern computational challenges.
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