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ABSTRACT

The sorting algorithms are essential entities in computer science, physics, biology and assist in a broad spectrum
of data-intensive applications such as databases, search systems, operating platforms and big data analysis of
biological data. In DNA sequence organization and genomic processing, where huge datasets have to be handled,
efficient sorting is especially essential. Theoretical analysis often focused on time and space complexity of these
algorithms, the statistical properties of input data can be very important in practice. This paper investigates how
positive integers datasets generated from nine statistical distributions influence the sorting behavior of eight
sorting algorithms: Merge Sort, Heap Sort, Quick Sort, Shell Sort, Bubble Sort, and Insertion Sort, and the non-
comparative Radix Sort, as well as recently developed Odd-Even Parity Based sorting algorithm (OEPB). The
primary criterion of evaluation is the execution time, and several trials are done to provide consistency and
reliability of the results. The findings suggest that the performance of algorithms can be different in various data
distributions. The specific focus is put on the OEPB algorithm that does exhibit a significant space efficiency with
the gradually reduced memory consumption as the execution time proceeds. This feature renders it particularly
appropriate in low memory resources settings. Whilst algorithms with complexity O (n logs n) tend to be dominant,
the findings emphasize the role of memory efficiency in design and sensitivity to input properties in determining
the choice of sorting algorithms in practice.

KEYWORDS: Odd-Even Parity Based; Sorting; Distribution-Aware Algorithms; Sorting; DNA sequence;
Genomic processing.

1. INTRODUCTION

Sorting numbers plays an essential role in computer science, physical sciences and many other scientific fields.
It is not only pleasant but a necessity to manage data efficiently in the world overwhelmed with information.
Although the core of sorting may seem straightforward, there are different issues that may demand distinct
strategies. The various sorting algorithms have their advantages and disadvantages: some consume a large amount
of memory, others are efficient with specific data distributions, and all have to grapple with computational
complexity [1-4].

The analysis of sorting algorithms can't be based only on theoretical time complexity, since in practice the
performance depends highly on the nature of the input data. In practical applications, the distribution of data, the
repetition of data as well as structural properties are significant factors that are used to determine efficiency [5].
The statistical characteristics of the data, be it uniform, highly skewed or based on a normal, exponential, or
Weibull distribution, or a chi-square distribution, can be of great importance in terms of execution time when
handling large quantities of data [6]. Specifically, distorted or highly concentrated data can impair the efficiency
of other algorithms that originally seem to be efficient in theory [10].

Bioinformatics is an interdisciplinary field that integrates computational methods, statistical modeling, and
biological knowledge to analyze and interpret large-scale genomic data. In DNA sequence analysis, it plays a key
role in managing the massive datasets generated by modern high-throughput sequencing technologies, where k-
mer—based approaches are widely used for downstream analysis. A typical workflow begins with quality
assessment and preprocessing of raw sequencing reads to ensure data reliability. In practice, DNA sequences such
as ACTGAACT... are often transformed into numerical formats (e.g., A=0, C=1, G=2, T=3 or binary encodings)
to facilitate efficient computation and algorithmic processing. This enables subsequent steps such as sequence
alignment preprocessing, where reads are mapped and organized within computational pipelines. The processed
data is then assembled into longer genomic sequences using de novo or reference-guided methods, followed by
evaluation of assembly quality using standard metrics. Further stages include gene prediction and functional
annotation to identify biologically meaningful regions, while visualization tools assist in interpreting genomic
structures. Additional analyses, including alignment refinement, structural variation detection, and mutation
profiling, contribute to deeper genomic interpretation. Overall, genomics has become central to modern
biomedical research, supporting applications in precision medicine, cancer genomics, disease risk prediction,
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evolutionary studies, and drug discovery. However, the growing scale of genomic data continues to demand
efficient computational frameworks for effective biological insight extraction [11,12].

Most classical sorting algorithms, including Quick Sort, Merge sort, Heap sort, can be used on any numerical data,
whether it is distributive or not. However, their implementation time, memory efficiency will suffer in case the
data is not favorably distributed. This will make the reputation of the sorting algorithm, although it can be beautiful
on the data created with a purpose of being sorted by the algorithm [13].

This paper uses Odd-Even Parity Based (OEPB), which is designed to address efficiency limitations associated
with traditional sorting methods. The algorithm partitions the input into even and odd subsets and processes them
based on data characteristics. A key characteristic of OEPB is its emphasis on memory efficiency, achieved
through a progressive reduction of the active dataset during execution. Consequently, the size of the working set
decreases over time, reducing memory requirements and making the method suitable for memory-constrained
environments [14].

In contrast to traditional sorting algorithms that operate on a fixed dataset throughout execution, OEPB
dynamically reduces the active workload, thereby lowering overall memory overhead. Based on these properties,
the algorithm is particularly appropriate for large-scale and data-intensive applications, especially in domains such
as genomic data analysis and high-dimensional scientific computing, where both computational efficiency and
storage optimization are essential. OEPB is implemented in C++ and evaluated against widely used sorting
algorithms, including merge sort, heap sort, quick sort, insertion sort, and radix sort. Theoretical analysis indicates
that the algorithm exhibits a worst-case time complexity of O (n log, M) and a linear space complexity of O(n)[14].
The detailed pseudocode of the proposed OEPB algorithm is provided in Appendix A.

Several previous studies have considered comparing the performance of few to many of the previous
aforementioned sorting algorithms for various types of datasets drawn from various statistical distributions [15-
17]. But none has considered all.

In this study, we benchmark all eight sorting algorithms against each other and against the recent OEPB for
integer datasets of varying size generated most common, scientifically diverse data distributions. The article is
arranged in the following order: in the next subsection we briefly describe the operational principle of each of
these algorithms, their time and spatial complexity. In the subsection after, we detail the distributions used in this
study. Later, in section 3, the methodology section, we discuss the experimentations condition. In section 4, the
results and discussion section, we show and compare across these algorithms through figures reflecting the
runtime for each algorithm for nine different statistical distributions. lastly, section 5, the conclusions, we
summary our results and make further recommendations.

1.1 Related Work

Merge Sort works by recursively separating the data into smaller subarrays, sorting them, and finally combining
them into a single ordered sequence. It has time complexity of O (n log n), but with extra memory of O(n). One
of the major merits of Merge Sort is that it is stable [18,19]. Instead, Heap Sort takes the data and sorts it using a
binary heap structure, and repeatedly removes the largest (or smallest) element to form an output that is sorted. It
also has a runtime of O (n log, n) and it is a place-value sort, but does not maintain relative order of identical
elements [20,21].

Quick Sort is based on a divide and conquer approach, whereby a pivot element is chosen, the data is split in
relation to the pivot, and the subarrays are sorted again using a recursive method. The average-case complexity of
the algorithm is O(n log, n), but may drop to O(n?) with poor choices of pivot. Nonetheless, it is generally
considered to be very efficient in practice, even though it is not stable [22,23].

Bubble Sort is a simple algorithm that repeatedly makes comparisons between neighboring items and exchanges
them in case of necessity. Its time complexity is O(n?) and therefore it is impractical with large data sets, although
it is easy to implement, making it practical only in educational settings [24,25].

In The Insertion Sort, the sorted array is constructed one element at a time, by inserting each element into the
already sorted part of the array. Although it is quadratic, it can be used effectively with small or nearly sorted data
sets and it is stable and in-place [26].

Shell sort can be considered an improvement of the Insertion sort, whereby elements are initially compared with
large gaps which are narrowed down. This will enhance performance through fewer shifts to be taken. It has a
median complexity of O(n*?) to O(n™®), and thus it is much more efficient than the straightforward quadratic
algorithms on fairly large data sets [27,28]. Each of the above algorithms is a comparison based one.

Radix Sort is a non-comparison algorithm which works by sorting values digit by digit instead of making
comparisons. It has a complexity of O(nk), making it suited to fixed-length integer data, but flexible and increased
memory usage are limited by it [29,30].

The Odd-Even Parity Based (OEPB) is an algorithm that works with positive integers sorting them first into odd
and even arrays. It uses repetitive subdivision by 2, eliminating elements which are equal to one in a systematic
way. Then, it keeps dividing the remaining integers by 2 until the whole array is sorted. The worst time complexity
of the algorithm is O (n log2 M) where the number of elements is n and the largest integer value is M. The space
complexity begins with O(n), but decreases when the elements are eliminated, in particular, the ones not within a
specific range [14].
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1.2. Statistical Distributions Considered

Our preprocessing of data distribution plays an important role in evaluating algorithm efficiency because data
distribution affects how values spread throughout different ranges and thus impacts algorithm computation in
different conditions. The importance of considering data distribution in relation to algorithm computation
increases even further in studying the efficiency of sorting algorithms working with massive datasets. In this
research work, efficiency of the developed sorting algorithm is tested on sets of integers that come from nine
different data distributions. The normal (Gaussian) distribution is a continuous, symmetric, bell-shaped
distribution defined by the probability density

1 x—p)?

'f(x): oV2rm exp (_ : 2:;) ) (1)
where p denotes the mean and 62 represents the variance [7]. Most observations are concentrated around the mean,
making this distribution widely applicable in fields such as physics, finance, and data analysis. In contrast, the
continuous uniform distribution assumes equal probability across a bounded interval and is defined by

f(x):ﬁ ,a<x<b )

b;g)z, making it suitable for modeling unbiased or random processes [7]. The Poisson
distribution is a discrete model used to describe the number of events occurring within a fixed interval, with
probability mass function

k=1
P(X=k) == 3)
where both the mean and variance are equal to A [8]. For modeling extreme values, the Gumbel distribution is
employed, defined by
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with mean p+yp and variance % B2, where 7 is the Euler constant [9]. The Laplace distribution, which exhibits a

x-p
sharper peak and heavier tails than the normal distribution, is given by f(x)= % e b, with mean p and variance
2b%, making it effective for modeling data with large deviations [8]. The Weibull distribution, commonly used in
reliability and lifetime analysis, is defined by:

)= Gkt 3)
where its flexibility is controlled by the shape parameter k. The exponential distribution, a special case of the
Weibull distribution, models the time between independent events and is expressed as f(x)=ke ™ for x>0

(6)
with mean % and variance %2 [7]. The chi-square distribution, widely used in hypothesis testing and statistical

inference, is defined by

_ 1 k1, x2
fx) = oK/2 F(’EC) e @
with mean k and variance 2k [7]. Finally, the binomial distribution models the number of successes in a fixed
number of independent trials and is defined by
P(X=k) = ()p*(1 = p)"
(®)
with mean np and variance np(1-p) [8]. Collectively, these distributions capture a diverse range of data behaviors,
including symmetric, skewed, discrete, and heavy-tailed patterns, providing a comprehensive basis for evaluating
sorting algorithms under realistic and varied conditions.
3. Experimental Methodology
All numerical experiments are run on the same computer. The computer specifics are: 2.3 GHz processor, and 8
GB of RAM. The data sets were generated in Microsoft Excel, with the proper function corresponding the specific
statistical distribution. Three dataset sizes were used: 100,000, 150,000, and 200,000 positive integers. The C++
codes for the for the sorting algorithms were fed with the integer array. The execution time which is calculated by
the clock function divided by the clock speed. The time was recorded in seconds. Each code was run alone
sequentially on the machine. These experimental conditions were maintained for all results generated in this study,
ensuring fair comparison between the eight sorting algorithms across all nine different statistical distributions.
The runtime for each algorithm-distribution combination was calculated five times, and the average value was
recorded and used in the results below. Insignificant difference in the five trials run time was observed.

4. RESULTS AND DISCUSSION

The results detailing the differences between these algorithms are presented in the figures 1-3. Figure 1, shows
how the run time for various sorting algorithms compares for the nine statistical distributions for dataset of 100000
positive integers. The findings illustrated in Figure | indicate that the OEPB is always better than Bubble Sort in
all the distributions and all sizes of the dataset, but still slower than Insertion Sort in terms of execution time.
However, the OEPB also has a slower growth rate in execution time with a larger dataset, and is more pronounced
with larger datasets, where the performance difference between OEPB and Bubble Sort is more pronounced. This
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can be credited to the Odd-Even Parity Based comparison strategy that minimizes unnecessary comparisons and
the unnecessary movement of elements.

Moreover, Figure 1 indicates that the sophisticated sorting algorithms perform much better than all the classical
algorithms, and the running-time is usually two or three orders of magnitude less. Comparison of these more
sophisticated algorithms with each other is largely independent of the data distribution, except that the Gumbel
distribution has a crossover in terms of execution time between Bubble Sort and the OEPB. The results also
demonstrate the powerful impact of the data distribution on sorting performance since significant differences in
the execution time can be seen even when working with the datasets of the same size. Specifically, the OEPB
performs the best on Weibull and Exponential distributions, whereas advanced algorithms like Merge Sort, Heap
more favorable performance under the Gumbel distribution, with comparatively reduced efficiency for Uniform,
Normal, Exponential, and Weibull datasets.

Figure 2 is an extension of Figure 1, in which the scaling performance of the execution time against the size of
the dataset is shown with respect to 100,000, 150,000 and 200 000 elements, each with the identical statistical
distributions. The results of the experiment are in line with theory. The sorting algorithms above such as Merge
Sort, Heap Sort, Quick Sort, Radix Sort and Shell Sort have slow yet gradual increase of execution time since
they are O (n logz n) or almost linear and are effective in large data sorting. Quite on the contrary, Bubble Sort has
a steep quadratic increase rate, which causes steep increase in computational time and limits its use on large inputs.
The growth of Insertion Sort follows the same trend as O(n?) but is not that steep. The proposed OEPB has a
medium scaling pattern, as its execution time grows steadily as compared to Bubble Sort. This difference becomes
more pronounced with bigger input size particularly at higher volumes such as 200,000 elements. However, OEPB
cannot be as quick as the work of the Insertion Sort and is even less productive than more advanced algorithms.
There is also variation in performance due to underlying data distribution. With Weibull and Exponential
distributions, OEPB is more efficient and more complicated distributions, such as Gumbel and Laplace, introduce
a slight increment to the cost of computation, which can be explained by the extreme values.

In general, OEPB is never worse than Bubble Sort and is predictable and stable. It can be a potentially viable
option in cases where either efficiency of resources or expediency of implementation is a crucial determinant due
to its simplicity and low overhead.

Unlike traditional algorithms, which usually have a more or less constant allocation, OEPB reduces its memory
usage throughout execution as Figure 3 illustrates. This trend is always the case in all the input sizes tested
implying a more adaptive method of resource utilization. This behavior is particularly beneficial to use when
working with large-scale DNA or genomic data, when there is limited memory. OEPB reduces the system resource
load on the processor by reducing the memory requirements as time goes by. It is a flexible aspect that renders it
highly suitable in conditions where the memory capacity is minimal. In general, the results highlight the strength
of OEPB in situations involving the need to be both scalable as well as resource-efficient.

Comparisons of Merge, Heap, Quick, Insertion and Radix sort on datasets with 10,000 to 200,000 elements
indicate the speed of this algorithm when dealing with redundant datasets. In some cases, it may run as much as
50 percent faster than others, when there are many repeated values. However, when datasets are not redundant, its
performance is reduced since additional processes are required to move data between arrays. It is deterministic,
so its execution time and memory consumption are predictable, and it is a good choice in applications such as
embedded systems and real-time applications where reliability is important. It also has an advantage in dealing
with redundant datasets and therefore can be a good choice to do database management and statistical computing;
both of which frequently encounter duplicates. In conclusion, odd-even sorting algorithm puts a touch of class on
the classical comparison-based sorting algorithms, particularly when data redundancy and memory constraints
were the order of things [14]. Specifically, when it comes to large-scale processing of DNA sequences, where k-
mer is generating extremely high-volume datasets that must be effectively organized. The datasets are also
commonly characterized as redundant and non-uniform to the statistical behavior, and therefore, are
computationally costly and enable the design of lightweight and adaptive sorting algorithms which can scale to
biological size.
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Figure 1 Evaluation of the execution time for the sorting algorithms reviewed in the main text. Each panel
indicates the performance of the shown sorting algorithm for 9 different distributions for 100000 integers.
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The biological data shown in the lower-right panel of Figure 3, derived from DNA fragments, presents distribution
pattern that closely to Poisson- or Weibull-type distribution. This indicates that real genomic data follows
structured statistical distribution rather than purely random variation. In this context, sorting algorithms serve as
a crucial intermediate step in DNA-based computations, facilitating the efficient organization and analysis of
large-scale genomic data

6. CONCLUSION AND FUTURE WORK.

The most influential factor that defines the efficiency of the sorting algorithms is time and space complexity but
is actually strongly affected by the statistical characteristics of the input data. It implies that practically, there must
be some sorting strategy, which relies not only on the theoretical assurances but also on the characteristics of the
data sets. Well-known algorithms such as Merge Sort, Heap Sort, Quick Sort, Radix Sort, Shell Sort, etc. will tend
to have predictable performance on a broad input distribution. Simple quadratic algorithms, like Bubble sort and
Insertion sort are though inefficient as the size of the dataset increases and hence the less helpful in large scale or
performance critical applications.

In reaction to this, Odd-Even Parity Based (OEPB) is proposed as a straightforward integer sorting algorithm, and
it capitalizes on the gradual shrinking data storage structure so as to reduce the number of computational resources.
Although in most situations it does not achieve the same performance as optimum O (n log n) sorting algorithms,
it always performs better when compared to Bubble Sort, and competes with Insertion Sort, especially when the
distribution is skewed such as Weibull and Laplace. This demonstrates that even the most basic of properties
including numerical parity may be useful to limit the amount of redundant comparisons and optimize the run
behavior of some data patterns.
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The overall findings support the hypothesis that execution of lightweight heuristic principles during the design of
the sorting can provide measurable performance benefits with no complexity to be added to the algorithm. This
confirms the importance of distribution-wise approaches in developing useful data processing techniques to
special applications. Moreover, extensive testing on genomic workload at a large scale - specifically, DNA k-mer
datasets- will be necessary to evaluate its feasibility in bioinformatics applications.
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Appendix A: Pseudocode

Algorithm: OEPB (Odd-Even Parity-Based)

Algorithm: OddEvenSort(A)

Input: Unsorted array A[0..n-1] of positive integers Output: Sorted list Sorted
1. Initialize empty lists: OddList, EvenList, Sorted

2. move all even integers from A into evenList and odd integers from A to OddList
3. While (OddList is not empty OR EvenList is not empty):

4. Step 1: Move all elements equal to 1 from evenList to Sorted oddList to Sorted
5 Step 2: Move all elements equal to 1 from evenList to Sorted

6 Step 3: Divide all remaining elements in oddList and EvenList by 2

7. Step 4: move odd elements from evenList into oddList

8. Step 5: move even elements from oddList into evenList

9. Repeat Steps 1-5 until the oddList and evenList become empty.

10.  End While
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