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Abstract: Sorting is a fundamental operation in computer science and plays a critical role in numerous applications, including 

database management systems, search engines, operating systems, data analytics, and scientific computing. Conventional sorting 

algorithms, such as QuickSort, MergeSort, and InsertionSort, exhibit distinct performance characteristics that depend heavily on 

the size, distribution, and degree of order within the input data. Since these algorithms employ fixed execution strategies, they cannot 

dynamically adapt to varying input characteristics, often leading to suboptimal performance or worst-case computational complexity 

under unfavorable conditions. To address this limitation, this paper proposes a lightweight machine learning-based framework for 

intelligent sorting algorithm selection. The proposed approach formulates algorithm selection as a multi-class classification 

problem, where statistical metadata extracted from an input array—including array size, approximate sortedness, and data 

variance—are used to predict the most suitable sorting algorithm before execution. A Decision Tree classifier is selected due to its 

low computational overhead, interpretability, and fast inference capabilities, making it suitable for real-time algorithm routing. The 

classifier is trained offline using a synthetically generated dataset comprising 10,000 arrays with diverse sizes, distributions, and 

levels of sortedness, where optimal algorithm labels are assigned through empirical performance benchmarking. During runtime, 

the trained model analyzes the extracted features and dynamically routes each input to the predicted optimal sorting algorithm. 

Experimental evaluation on a validation dataset containing 1,000 arrays demonstrates that the proposed hybrid framework 

consistently achieves execution times comparable to the best-performing static algorithm while effectively avoiding performance 

degradation associated with unfavorable input patterns, particularly those affecting QuickSort. The additional computational 

overhead introduced by feature extraction and model inference remains minimal, making the framework practical for real-world 

applications. These findings demonstrate that integrating lightweight machine learning techniques with classical algorithm design 

enables adaptive, data-aware execution, improving computational efficiency without modifying the underlying sorting algorithms. 

The proposed framework provides a scalable and extensible foundation for intelligent algorithm selection in modern software 

systems and highlights the potential of machine learning to enhance traditional algorithm engineering. 
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1. Introduction 

Sorting is one of the most fundamental and frequently executed operations in computer science, serving as a cornerstone for 

numerous computational tasks, including database indexing, information retrieval, memory management, network routing, data 

analytics, and scientific computing. Efficient sorting algorithms significantly influence the performance of higher-level 

applications because many searching, indexing, and optimization techniques assume that data are organized in a specific order. 

Consequently, the development and optimization of sorting algorithms have remained active research topics for several decades. 

Classical comparison-based sorting algorithms, including QuickSort, MergeSort, and InsertionSort, exhibit distinct computational 

characteristics and performance trade-offs. QuickSort is widely recognized for its excellent average-case performance of (O(n \log 

n)), low memory requirements, and cache-friendly behavior, making it the default sorting algorithm in many software libraries. 

However, its performance can deteriorate to (O(n^2)) when poor pivot selections occur, particularly for highly ordered or 

adversarial input sequences. MergeSort guarantees a stable (O(n \log n)) time complexity regardless of input distribution and is 

therefore preferred in applications requiring predictable execution times, although it incurs additional memory overhead. 

Conversely, InsertionSort has a quadratic worst-case complexity but performs exceptionally well on small or nearly sorted datasets 

due to its minimal overhead and adaptive behavior. 

Despite their proven effectiveness, traditional sorting algorithms operate using static execution strategies that do not consider the 

characteristics of the input data before execution. In practice, real-world datasets rarely exhibit purely random distributions. 

Instead, they often contain partially sorted elements, duplicated values, clustered records, skewed distributions, or other structural 

patterns that significantly influence algorithmic performance. Because conventional sorting implementations apply a 
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predetermined algorithm irrespective of these characteristics, they frequently execute suboptimal sorting routines, leading to 

unnecessary computational cost, increased execution time, and inefficient utilization of hardware resources. 

Recent advances in artificial intelligence and machine learning have demonstrated that predictive models can effectively optimize 

various components of computer systems. Machine learning techniques have been successfully applied to compiler optimization, 

database indexing, cache management, scheduling, resource allocation, and algorithm configuration. Rather than replacing 

classical algorithms, these approaches introduce an intelligent decision-making layer capable of selecting or configuring 

algorithms according to the properties of the current workload. Such adaptive systems enable software to respond dynamically to 

changing execution environments and input characteristics, thereby improving overall computational efficiency. 

The concept of algorithm selection, originally formalized by Rice, provides a theoretical foundation for this adaptive paradigm by 

framing the selection of an algorithm as a mapping between problem instances and the algorithm expected to deliver the best 

performance. With modern machine learning techniques, this mapping can be learned automatically from empirical data instead of 

relying on manually designed heuristics. Lightweight classifiers, particularly Decision Trees, are especially attractive for runtime 

decision making because they provide rapid inference, low computational overhead, and interpretable decision rules, making them 

suitable for performance-critical applications. 

Motivated by these developments, this paper proposes a lightweight machine learning framework for adaptive sorting algorithm 

selection. Instead of executing a fixed sorting algorithm, the proposed framework first extracts a small set of statistical metadata 

from the input array, including array size, approximate sortedness, and numerical variance. These features are then processed by a 

pre-trained Decision Tree classifier that predicts the most appropriate sorting algorithm for the given input. The selected algorithm 

is subsequently executed, allowing the framework to exploit the strengths of different sorting methods while avoiding their 

respective weaknesses. Because feature extraction and classification incur only minimal computational overhead, the proposed 

framework remains suitable for real-time applications. 

To evaluate the effectiveness of the proposed approach, a synthetic dataset containing arrays with diverse sizes, distributions, and 

levels of sortedness was generated for training and validation. The experimental evaluation demonstrates that the machine 

learning-based routing mechanism consistently selects sorting algorithms that achieve execution times close to the optimal choice 

for each input scenario. Furthermore, the framework effectively mitigates worst-case performance degradation while introducing 

negligible additional processing cost, demonstrating the practicality of integrating lightweight machine learning techniques into 

classical algorithm engineering. 

The primary contributions of this study are summarized as follows: 

 A lightweight machine learning framework is proposed for dynamic sorting algorithm selection based on statistical 

characteristics of the input data. 

 An efficient feature extraction mechanism is developed to characterize input arrays while maintaining minimal runtime 

overhead. 

 A Decision Tree classifier is employed to provide fast, interpretable, and low-cost runtime predictions suitable for real-

time applications. 

 A comprehensive experimental evaluation demonstrates that adaptive algorithm selection improves execution efficiency 

while reducing the likelihood of worst-case performance. 

 The proposed framework establishes a practical foundation for incorporating machine learning into algorithm engineering 

and adaptive software systems, with potential applications in databases, operating systems, cloud computing, and large-

scale data processing. 

The remainder of this paper is organized as follows. Section 2 presents the problem statement and motivates the need for adaptive 

algorithm selection. Section 3 outlines the research objectives. Section 4 reviews related work in machine learning-based algorithm 

selection and adaptive computing. Section 5 describes the proposed methodology, including feature extraction, classifier design, 

and runtime routing strategy. Section 6 presents the experimental setup and performance evaluation, followed by a discussion of 

the results in Section 7. Finally, Section 8 concludes the paper and suggests directions for future research. 
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2. Research Objectives 

The primary objective of this research is to develop an intelligent, lightweight machine learning framework capable of dynamically 

selecting the most appropriate sorting algorithm based on the structural characteristics of input data. By integrating predictive 

analytics with classical sorting techniques, the proposed framework aims to improve computational efficiency while minimizing 

the overhead associated with runtime decision-making. 

The specific objectives of this study are as follows: 

1. To design an adaptive sorting framework that integrates a lightweight machine learning classifier with conventional 

sorting algorithms, enabling automatic algorithm selection according to the characteristics of the input dataset. 

2. To identify and extract informative statistical features—including array size, approximate sortedness, and numerical 

variance—that effectively characterize input arrays while maintaining low computational complexity during feature 

extraction. 

3. To develop and train a Decision Tree classifier capable of accurately predicting the sorting algorithm expected to 

provide the best execution performance for a given input scenario. 

4. To construct a comprehensive synthetic training dataset containing arrays of varying sizes, data distributions, and 

degrees of sortedness, allowing the machine learning model to learn diverse execution patterns and algorithmic behaviors. 

5. To evaluate the effectiveness of the proposed framework by comparing its execution performance against conventional 

static sorting approaches, including QuickSort, MergeSort, and InsertionSort, across multiple benchmark scenarios. 

6. To analyze the computational overhead introduced by feature extraction and machine learning inference, ensuring that 

the benefits of adaptive algorithm selection outweigh the additional processing cost. 

7. To investigate the capability of the proposed framework to mitigate worst-case performance, particularly for 

algorithms such as QuickSort that are highly sensitive to specific input distributions. 

8. To demonstrate the practicality and scalability of machine learning-based algorithm selection for deployment in 

modern computing environments, including database systems, cloud computing platforms, operating systems, and large-

scale data processing applications. 

By achieving these objectives, this research aims to demonstrate that lightweight machine learning techniques can serve as an 

effective decision-making layer for classical algorithms, enabling adaptive, data-aware computation without modifying the 

underlying sorting algorithms. The proposed framework is intended to improve execution efficiency, enhance system robustness, 

and provide a foundation for future research in intelligent algorithm engineering and adaptive software optimization. 

3. Problem Statement 

Sorting algorithms constitute a fundamental component of modern software systems and are extensively employed in database 

management systems, search engines, file systems, scientific computing, cloud platforms, and numerous real-time applications. 

The efficiency of these systems often depends on the performance of the underlying sorting algorithm, as sorting is frequently 

executed as a preprocessing step for searching, indexing, data mining, and analytical operations. Despite the availability of 

numerous well-established sorting algorithms, most software libraries rely on a fixed algorithm or a limited set of manually 

designed heuristics to perform sorting tasks. 

A fundamental limitation of this traditional approach is that no single sorting algorithm consistently delivers optimal performance 

across all input scenarios. According to the Algorithm Selection Problem introduced by Rice and supported by the No Free Lunch 

theorem in optimization, the effectiveness of an algorithm depends on the characteristics of the problem instance rather than the 

algorithm itself. Consequently, the performance of sorting algorithms varies considerably according to factors such as input size, 

data distribution, degree of pre-sortedness, duplication rate, and numerical variance. 

For example, QuickSort is generally regarded as one of the fastest comparison-based sorting algorithms because of its average-

case time complexity of (O(n \log n)) and excellent cache performance. However, its execution time may deteriorate to (O(n^2)) 

when poor pivot selections occur, particularly for reverse-sorted or adversarial inputs. MergeSort guarantees a stable (O(n \log n)) 

complexity regardless of input characteristics but requires additional auxiliary memory, making it less attractive in memory-

constrained environments. In contrast, InsertionSort has a quadratic worst-case complexity but performs remarkably well for small 

or nearly sorted datasets because of its low computational overhead and adaptive behavior. 
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The continued reliance on static algorithm selection introduces several practical challenges. First, software systems often execute 

algorithms that are not optimal for the current input, resulting in unnecessary computational overhead and increased execution 

time. Second, inappropriate algorithm selection can expose applications to worst-case performance scenarios, reducing system 

responsiveness and scalability. Third, inefficient algorithm choices increase processor utilization, memory access, and energy 

consumption, particularly in large-scale data processing environments where millions of sorting operations are performed daily. 

These inefficiencies become increasingly significant in cloud computing platforms, distributed systems, and high-performance 

computing applications that process massive and continuously changing datasets. 

Although many modern programming libraries incorporate limited heuristic mechanisms—such as switching to InsertionSort for 

very small partitions or employing hybrid algorithms like Timsort—these approaches are typically based on manually defined 

thresholds and static rules. Such heuristics are unable to capture the diverse structural characteristics of real-world datasets and 

cannot learn from empirical performance observations. As a result, they provide only partial adaptation and may still produce 

suboptimal algorithm selections under varying operating conditions. 

Recent advances in machine learning offer a promising alternative by enabling systems to make data-driven decisions based on 

observed input characteristics. Instead of relying on predefined rules, machine learning models can learn complex relationships 

between dataset features and algorithm performance from historical execution data. Once trained, these models can rapidly predict 

the most appropriate algorithm for a given input while introducing only minimal computational overhead. This predictive 

capability transforms algorithm selection from a manually engineered process into an adaptive, intelligent decision-making task. 

Therefore, the central problem addressed in this research is the absence of an efficient, lightweight, and adaptive mechanism 

capable of automatically selecting the most suitable sorting algorithm according to the characteristics of the input dataset. Existing 

approaches either depend on fixed heuristics or employ computationally expensive machine learning techniques that are unsuitable 

for real-time applications. This study seeks to bridge this gap by developing a lightweight Decision Tree-based framework that 

analyzes a small set of statistical features extracted from the input array and dynamically predicts the sorting algorithm expected to 

deliver the best execution performance. The proposed approach aims to minimize execution time, avoid worst-case performance 

degradation, and improve computational efficiency while maintaining negligible runtime overhead. 

4. Literature Review 

The problem of selecting the most appropriate algorithm for a given computational task has attracted considerable attention for 

several decades. As computing systems have become increasingly complex and data-intensive, researchers have recognized that 

the performance of an algorithm depends not only on its theoretical complexity but also on the characteristics of the input data, 

hardware architecture, and execution environment. Consequently, the concept of adaptive algorithm selection has emerged as an 

important research area within algorithm engineering, machine learning, and high-performance computing. 

The theoretical foundation of algorithm selection was established by Rice (1976), who formulated the Algorithm Selection 

Problem (ASP) as the task of mapping a problem instance to the algorithm expected to produce the best performance. Rice argued 

that no single algorithm can consistently outperform all others across every possible problem instance, and that effective algorithm 

selection requires analyzing measurable characteristics of the input before execution. This framework has since become one of the 

cornerstones of intelligent optimization and has inspired numerous adaptive computing techniques. 

Traditional sorting algorithms have long been evaluated according to their asymptotic computational complexity. Algorithms such 

as QuickSort, MergeSort, HeapSort, and InsertionSort each exhibit distinct advantages and disadvantages depending on the size 

and structural properties of the input data. QuickSort is widely favored because of its excellent average-case performance and 

cache efficiency; however, its execution time can deteriorate dramatically under unfavorable pivot selections. MergeSort provides 

stable and predictable performance but requires additional memory allocation, while InsertionSort is particularly efficient for small 

or nearly sorted datasets despite its quadratic worst-case complexity. These characteristics demonstrate that algorithm performance 

is highly dependent on the properties of the input data, reinforcing the need for adaptive selection strategies. 

To overcome the limitations of static algorithm selection, researchers have proposed various heuristic approaches that combine 

multiple algorithms within a single framework. One of the most successful examples is Timsort, developed by Peters (2002), 

which combines MergeSort and InsertionSort to exploit naturally occurring ordered subsequences (runs) within input data. 

Similarly, the Introsort algorithm, introduced by Musser (1997), combines QuickSort, HeapSort, and InsertionSort to avoid 

QuickSort's worst-case performance while maintaining high average efficiency. Although these hybrid algorithms improve 
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robustness, their switching mechanisms rely on manually designed heuristics and predefined thresholds rather than learning from 

observed data. Consequently, their adaptability remains limited when confronted with highly diverse datasets. 

Recent advances in machine learning have transformed the field of algorithm engineering by enabling systems to learn decision 

strategies directly from empirical observations. Rather than relying solely on handcrafted rules, machine learning models analyze 

historical execution data to predict which algorithm is expected to perform best for a particular problem instance. This paradigm 

has been successfully applied to compiler optimization, combinatorial optimization, scheduling, resource allocation, numerical 

solvers, and database query optimization. Machine learning-based algorithm selection has demonstrated significant improvements 

in computational efficiency by adapting execution strategies to varying input characteristics. 

One of the most influential developments in this area was presented by Kraska et al. (2018), who introduced the concept of 

Learned Index Structures. Their work demonstrated that machine learning models could replace traditional data structures, such 

as B-trees and hash tables, by learning the distribution of stored data. This research challenged the conventional assumption that 

fundamental algorithms and data structures must remain static and opened new opportunities for integrating predictive models into 

core system components. Since then, numerous studies have investigated how machine learning can optimize classical algorithms 

through adaptive decision-making. 

Several researchers have explored reinforcement learning and deep neural networks for algorithm optimization. Reinforcement 

learning techniques enable agents to discover effective execution policies through repeated interaction with an environment, while 

deep learning models are capable of capturing complex nonlinear relationships between input characteristics and algorithm 

performance. Despite their impressive predictive capabilities, these approaches often require extensive training data, considerable 

computational resources, and relatively high inference latency. In real-time applications, the overhead associated with deep neural 

network inference may outweigh the execution time saved through improved algorithm selection, particularly for small and 

medium-sized datasets. 

To address these limitations, recent research has increasingly focused on lightweight machine learning models, including Decision 

Trees, Random Forests, Logistic Regression, and Gradient Boosting techniques. These models offer substantially lower inference 

costs while maintaining competitive prediction accuracy for structured data. Among them, Decision Trees are especially attractive 

because they generate transparent decision rules, require minimal computational resources during inference, and can be efficiently 

implemented using simple conditional statements. These characteristics make Decision Trees particularly suitable for runtime 

algorithm selection, where prediction latency must remain negligible. 

Although considerable progress has been made in adaptive algorithm selection, several research challenges remain unresolved. 

Many existing studies concentrate on computationally expensive optimization problems or employ sophisticated machine learning 

models whose inference costs limit their practical applicability in performance-critical systems. Furthermore, relatively few 

investigations have examined lightweight machine learning approaches specifically for classical sorting algorithms while explicitly 

considering the trade-off between prediction overhead and execution-time improvement. 

The present study addresses this gap by proposing a lightweight Decision Tree-based framework for intelligent sorting algorithm 

selection. Unlike approaches that depend on complex neural networks or manually engineered heuristics, the proposed framework 

extracts a small number of computationally inexpensive statistical features—including array size, approximate sortedness, and 

numerical variance—to characterize the input data. These features are processed by a Decision Tree classifier trained on 

benchmark-generated labels, enabling rapid prediction of the most suitable sorting algorithm with minimal runtime overhead. By 

combining efficient feature extraction with low-latency inference, the proposed framework seeks to improve execution efficiency 

while preserving the simplicity and reliability of classical sorting algorithms. 

Table 1 summarizes representative studies related to algorithm selection and adaptive optimization, highlighting their 

methodologies and limitations. 

Table 1. Summary of Related Studies 
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Study Technique Application Main Contribution Limitation 

Rice (1976) 
Algorithm Selection 

Theory 

General 

Optimization 

Established the Algorithm 

Selection Problem 
Conceptual framework only 

Musser (1997) Introsort Sorting 

Hybrid sorting algorithm 

combining QuickSort and 

HeapSort 

Uses fixed heuristic switching 

Peters (2002) Timsort Sorting Adaptive hybrid sorting algorithm Rule-based adaptation 

Kraska et al. 

(2018) 
Learned Index Structures 

Database 

Systems 

Machine learning replaces 

traditional indexing structures 

Focused on indexing rather than 

sorting 

Recent ML-

Based Studies 

Decision Trees, Random 

Forests, Deep Learning 

Algorithm 

Selection 
Data-driven algorithm prediction 

Many approaches introduce 

considerable inference overhead 

The literature demonstrates a clear progression from static algorithm design toward intelligent, adaptive computing systems. 

Nevertheless, there remains a need for lightweight machine learning frameworks that can dynamically select sorting algorithms 

while maintaining negligible computational overhead. The framework proposed in this study contributes to this emerging direction 

by combining efficient statistical feature extraction with an interpretable Decision Tree classifier, providing a practical solution for 

real-time sorting algorithm optimization. 

5. Methodology 

5.1 Overview of the Proposed Framework 

This research proposes a lightweight machine learning framework that dynamically selects the most appropriate sorting algorithm 

based on the statistical characteristics of the input array. Rather than executing a predefined sorting algorithm for every input, the 

framework first analyzes the structural properties of the dataset and then predicts the algorithm expected to achieve the best 

execution performance. The prediction is performed by a Decision Tree classifier trained offline using benchmark-generated data. 

The framework consists of two primary phases: 

1. Offline Training Phase, where a machine learning model is trained using a large collection of synthetically generated 

datasets and their corresponding optimal sorting algorithm labels. 

2. Online Inference Phase, where statistical features are extracted from an incoming array, and the trained classifier 

predicts the most appropriate sorting algorithm before execution. 

This separation ensures that computationally expensive model training occurs only once, while runtime prediction remains 

extremely fast, making the framework suitable for real-time applications. 

 

5.2 System Architecture 

The proposed architecture follows a sequential processing pipeline comprising five main stages: 

1. Input Array Acquisition 

2. Statistical Feature Extraction 

3. Feature Vector Construction 

4. Decision Tree Classification 
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5. Dynamic Algorithm Execution 

Initially, an unsorted array is received by the framework. Instead of immediately sorting the data, a lightweight feature extraction 

module computes a small set of statistical descriptors that summarize the characteristics of the input. These descriptors are 

assembled into a feature vector and passed to the Decision Tree classifier. 

The classifier predicts one of three possible output classes: 

 Class 0: InsertionSort 

 Class 1: QuickSort 

 Class 2: MergeSort 

The predicted class determines which sorting algorithm is executed. 

Because only a few numerical features are processed, prediction latency remains negligible compared with the total sorting time. 

5.3 Dataset Generation 

A synthetic dataset was generated to train the machine learning model under diverse input conditions. 

The training dataset contains 10,000 arrays, each generated using randomized parameters to represent a wide variety of practical 

scenarios. 

The generated arrays vary according to: 

 Array size 

 Data distribution 

 Degree of sortedness 

 Duplicate values 

 Numerical variance 

Array sizes range from 10 to 1,000,000 elements, enabling the model to learn behavior across both small and large datasets. 

Three probability distributions were considered: 

 Uniform Distribution 

 Gaussian Distribution 

 Exponential Distribution 

To simulate realistic workloads, arrays were generated with different levels of sortedness, including: 

 Completely random 

 Nearly sorted 

 Reverse sorted 

 Partially sorted 

 Highly duplicated 

Each generated array was independently evaluated using QuickSort, MergeSort, and InsertionSort. 

The sorting algorithm achieving the lowest execution time was assigned as the target class for that sample. 

This procedure produced a supervised learning dataset where each training instance consisted of 
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[ 

(X,Y) 

] 

where 

 X denotes the extracted feature vector 

 Y represents the optimal sorting algorithm determined through benchmarking. 

5.4 Feature Extraction 

Efficient feature extraction is critical because excessive preprocessing could negate the performance gains obtained through 

intelligent algorithm selection. 

Instead of scanning the entire array multiple times, the framework computes a small number of lightweight statistical descriptors. 

The selected features include: 

1. Array Size 

The first feature is the total number of elements 

[ 

f_1=n 

] 

Array size strongly influences algorithm efficiency because some algorithms perform exceptionally well on small datasets while 

others are optimized for large inputs. 

2. Approximate Sortedness 

The second feature estimates how ordered the array already is. 

Rather than computing the exact inversion count—which requires (O(n \log n)) time—the framework samples adjacent elements 

and estimates the proportion of ordered pairs. 

This approximation provides sufficient information while maintaining low computational complexity. 

3. Variance 

Variance measures the numerical dispersion of array values. 

Datasets containing many repeated values often produce different algorithmic behavior than uniformly distributed datasets. 

Variance is computed as 

[ 

\sigma^2=\frac1n\sum_{i=1}^{n}(x_i-\mu)^2 

] 

where 
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 (x_i) is the ith element 

 (\mu) denotes the sample mean. 

The resulting feature vector is therefore 

[ 

X=[n,;Sortedness,;Variance] 

] 

This compact representation minimizes feature extraction cost while preserving sufficient information for accurate prediction. 

5.5 Decision Tree Classifier 

A Decision Tree classifier was selected because it provides: 

 Fast inference 

 Low computational overhead 

 High interpretability 

 Simple implementation 

 Deterministic execution 

Unlike deep neural networks, Decision Trees require only a sequence of conditional comparisons during prediction. 

Each internal node evaluates one feature. 

Each branch corresponds to a decision rule. 

Each leaf node represents one of the candidate sorting algorithms. 

During runtime, prediction requires only a few comparisons before selecting the target algorithm. 

This makes Decision Trees particularly suitable for performance-critical software systems. 

5.6 Training Procedure 

Model training was performed offline. 

The generated dataset was divided into 

 80% Training Set 

 20% Testing Set 

The Decision Tree learned relationships between statistical features and the optimal sorting algorithm identified during 

benchmarking. 

Training continued until the tree converged according to its impurity reduction criterion. 

Once training was completed, the model was stored and subsequently used during runtime without further learning. 

Separating training from deployment eliminates expensive optimization during execution. 
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5.7 Runtime Algorithm Selection 

During online execution, the framework performs the following operations: 

1. Receive the input array. 

2. Extract statistical features. 

3. Construct the feature vector. 

4. Execute Decision Tree inference. 

5. Predict the optimal sorting algorithm. 

6. Route the input array to the selected sorting algorithm. 

7. Return the sorted output. 

Because the classifier performs only lightweight conditional evaluations, prediction typically requires only a few microseconds. 

5.8 Computational Complexity 

The computational cost of each framework component is summarized below. 

Stage Complexity 

Feature Extraction (O(k)) where (k \ll n) 

Decision Tree Prediction (O(d)) 

Sorting Execution Depends on predicted algorithm 

Total Additional Overhead Negligible relative to sorting time 

Since 

 (k) is the sample size 

 (d) is the tree depth, 

both remain very small compared with the input size. 

Consequently, the framework introduces only a minor computational overhead while significantly improving algorithm selection. 

5.9 Advantages of the Proposed Framework 

The proposed methodology offers several practical advantages: 

 Automatic adaptation to different input characteristics. 

 Elimination of fixed heuristic thresholds. 

 Low inference latency suitable for real-time systems. 

 Improved robustness against worst-case execution scenarios. 

 Easy integration with existing software libraries. 

 Scalability across different dataset sizes and distributions. 

 Interpretable decision-making through Decision Tree rules. 
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By combining efficient feature extraction with lightweight machine learning inference, the proposed framework enables adaptive 

sorting without modifying the internal implementation of classical sorting algorithms, making it practical for deployment in 

modern software systems. 

6. Results 

6.1 Experimental Evaluation 

The proposed machine learning-based sorting framework was evaluated to determine its effectiveness in selecting the most 

appropriate sorting algorithm under varying input conditions. The evaluation focused on measuring the execution performance of 

the hybrid framework and comparing it with conventional static implementations of QuickSort, MergeSort, and InsertionSort. The 

experiments were conducted using a validation dataset consisting of 1,000 synthetic arrays that were not included in the training 

phase. These arrays represented diverse data distributions, including uniformly distributed, Gaussian, exponential, nearly sorted, 

reverse sorted, and highly duplicated datasets. 

The primary objective of the evaluation was to determine whether the Decision Tree classifier could accurately predict the sorting 

algorithm that minimizes execution time while introducing only a negligible computational overhead. 

6.2 Performance Comparison 

Table 2 presents the average execution times obtained for different input scenarios. The reported execution time of the hybrid 

framework includes both feature extraction and Decision Tree inference. 

Table 2. Average Execution Time of Sorting Algorithms 

Input Scenario Array Size QuickSort (ms) MergeSort (ms) Hybrid Framework (ms) Selected Algorithm 

Random Uniform 50,000 4.20 5.80 4.35 QuickSort 

Nearly Sorted 20,000 18.40 2.10 0.32 InsertionSort 

Reverse Sorted 10,000 88.10 1.10 1.15 MergeSort 

Highly Duplicated 30,000 5.90 4.60 4.72 MergeSort 

Small Dataset 30 0.015 0.022 0.004 InsertionSort 

The results demonstrate that the proposed framework consistently selected the sorting algorithm that provided the lowest execution 

time for each input scenario. For randomly distributed datasets, the classifier correctly selected QuickSort, whose cache-efficient 

partitioning strategy produced the best overall performance. For nearly sorted datasets, the framework selected InsertionSort, 

reducing execution time substantially compared with the static implementations. Likewise, for reverse-sorted arrays, the 

framework successfully avoided the worst-case behavior of QuickSort by routing the data to MergeSort, resulting in a significant 

reduction in execution time. 

6.3 Classification Performance 

The effectiveness of the proposed framework depends on the prediction accuracy of the Decision Tree classifier. Table 3 

summarizes the classification performance measured on the testing dataset. 

Table 3. Decision Tree Classification Performance 
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Metric Value 

Accuracy 96.8% 

Precision 96.5% 

Recall 96.3% 

F1-Score 96.4% 

The high classification accuracy indicates that the selected statistical features—array size, approximate sortedness, and variance—

provide sufficient information for distinguishing between input scenarios that favor different sorting algorithms. The balanced 

precision and recall values further demonstrate that the classifier performs consistently across all algorithm classes without 

exhibiting a significant prediction bias. 

6.4 Computational Overhead 

An important consideration in adaptive algorithm selection is whether the additional processing required for feature extraction and 

prediction outweighs the performance gains obtained through better algorithm selection. 

The proposed framework minimizes this overhead by employing lightweight statistical features and a shallow Decision Tree 

classifier. Across all evaluated datasets, feature extraction and prediction required only a small fraction of the total execution time. 

For large datasets, this overhead represented less than 3% of the total sorting time, while for very small arrays, a predefined 

threshold bypassed the classifier entirely and directly selected InsertionSort. 

These findings demonstrate that the adaptive decision-making process introduces minimal computational cost while producing 

measurable improvements in execution efficiency. 

6.5 Performance Under Different Input Characteristics 

Figure 4 (Execution Time Comparison) illustrates the execution times of the evaluated sorting algorithms across different dataset 

types. The hybrid framework consistently achieved performance close to the best-performing individual algorithm because it 

dynamically adapted its selection according to the characteristics of the input data. 

The greatest improvement was observed for reverse-sorted datasets, where the framework successfully prevented the severe 

performance degradation associated with QuickSort's worst-case behavior. Similarly, substantial improvements were obtained for 

nearly sorted datasets by selecting InsertionSort instead of applying more computationally intensive divide-and-conquer 

algorithms. 

For uniformly distributed random datasets, the framework correctly identified QuickSort as the optimal choice, demonstrating that 

the machine learning model does not unnecessarily replace algorithms that already perform efficiently. 

6.6 Scalability Analysis 

To evaluate scalability, experiments were conducted using arrays ranging from tens of elements to one million elements. The 

results indicate that the computational overhead introduced by the Decision Tree remains nearly constant regardless of input size, 

whereas the execution time of the sorting algorithms increases according to their theoretical computational complexity. 

As dataset size increases, the relative cost of feature extraction and prediction becomes increasingly insignificant compared with 

the overall sorting time. Consequently, the performance benefits of intelligent algorithm selection become more pronounced for 

medium-sized and large datasets, where avoiding inefficient algorithm choices yields substantial reductions in execution time. 
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6.7 Summary of Findings 

The experimental evaluation demonstrates that the proposed machine learning-based routing framework effectively combines the 

strengths of classical sorting algorithms while minimizing their individual limitations. The Decision Tree classifier accurately 

predicts the most suitable sorting algorithm based on lightweight statistical features, enabling adaptive execution without 

introducing significant runtime overhead. The framework consistently avoids worst-case execution scenarios, particularly those 

affecting QuickSort, while maintaining performance comparable to the optimal static algorithm across diverse input conditions. 

Overall, the results validate the feasibility of integrating lightweight machine learning techniques into algorithm engineering and 

demonstrate that intelligent algorithm selection can improve computational efficiency without modifying the underlying 

implementations of classical sorting algorithms. 

7. Discussion 

The experimental results demonstrate that integrating a lightweight machine learning classifier with classical sorting algorithms 

provides a practical and effective solution to the algorithm selection problem. Rather than relying on a single static sorting 

algorithm, the proposed framework dynamically adapts its execution strategy according to the statistical characteristics of the input 

data. This adaptive behavior enables the system to exploit the strengths of different sorting algorithms while minimizing their 

individual weaknesses, leading to improved execution efficiency across diverse input scenarios. 

One of the most significant findings of this study is that the Decision Tree classifier accurately identified the sorting algorithm best 

suited to each dataset while introducing only a negligible computational overhead. Unlike deep learning models, which often 

require considerable inference time and computational resources, the Decision Tree performed classification through a small 

sequence of conditional rules. Consequently, the prediction phase represented only a very small fraction of the total execution 

time, particularly for medium-sized and large datasets. This confirms that lightweight machine learning models are well suited for 

runtime decision-making in performance-sensitive applications. 

The proposed framework demonstrated particularly strong performance when processing datasets that are traditionally challenging 

for static sorting algorithms. For example, QuickSort generally provides excellent average-case performance but may degrade to 

quadratic time complexity when processing reverse-sorted or adversarial inputs using unfavorable pivot selections. The 

experimental evaluation showed that the machine learning classifier successfully recognized these unfavorable input 

characteristics and redirected execution toward MergeSort, thereby avoiding substantial performance degradation. This ability to 

prevent worst-case execution behavior represents one of the principal advantages of adaptive algorithm selection and contributes 

directly to improved system robustness. 

Similarly, the framework consistently selected InsertionSort for small or nearly sorted arrays. Although InsertionSort has a 

theoretical worst-case complexity of (O(n^2)), its extremely low implementation overhead and adaptive behavior make it highly 

efficient when only a limited number of element movements are required. The Decision Tree effectively captured these 

characteristics through simple statistical features, demonstrating that sophisticated feature engineering is not always necessary to 

achieve accurate algorithm selection. This observation suggests that carefully chosen lightweight features may provide sufficient 

discriminatory power while maintaining low preprocessing costs. 

Another important outcome of this research is the demonstration that feature extraction can remain computationally inexpensive 

without significantly reducing prediction accuracy. Only three statistical descriptors—array size, approximate sortedness, and 

numerical variance—were required to characterize each input array. These features were selected because they can be computed 

rapidly and have a direct influence on the behavior of comparison-based sorting algorithms. The high classification accuracy 

obtained during evaluation indicates that these features successfully capture the essential structural properties needed for effective 

algorithm selection while avoiding unnecessary computational complexity. 

The findings of this study are consistent with previous research on adaptive computing and machine learning-based algorithm 

selection. Rice's Algorithm Selection Problem established the theoretical foundation that no single algorithm performs optimally 

across all problem instances. More recent studies on learned systems have similarly demonstrated that predictive models can 

improve the efficiency of traditional computational structures by adapting execution to observed data characteristics. However, 

many existing approaches rely on deep neural networks, reinforcement learning, or other computationally intensive models whose 

inference costs may offset their performance gains. In contrast, the present study demonstrates that a lightweight Decision Tree 
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classifier can achieve effective runtime adaptation while maintaining minimal computational overhead, making it more practical 

for integration into real-world software systems. 

From a practical perspective, the proposed framework has potential applications across numerous domains where sorting is 

performed repeatedly under varying workload conditions. Database management systems could dynamically select sorting 

algorithms during query execution to reduce response times. Cloud computing platforms and distributed processing frameworks 

could optimize data-intensive operations by adapting sorting behavior to different workload characteristics. Similarly, operating 

systems, compiler optimization tools, embedded systems, and high-performance computing applications could benefit from 

intelligent algorithm selection without requiring modifications to existing sorting implementations. 

Despite these encouraging results, several limitations should be acknowledged. First, the experiments were conducted using 

synthetically generated datasets designed to represent a broad range of input distributions. Although synthetic data provide 

controlled evaluation conditions, additional experiments using real-world datasets from domains such as finance, healthcare, 

scientific computing, and web analytics would further validate the generalizability of the proposed framework. Second, this study 

considered only three classical sorting algorithms. Incorporating additional algorithms, including HeapSort, Timsort, IntroSort, 

Radix Sort, and Parallel Sorting algorithms, would broaden the applicability of the framework and provide a more comprehensive 

evaluation. Third, the Decision Tree classifier was trained using only three statistical features. While these features proved 

effective, incorporating additional descriptors related to data entropy, duplication ratio, skewness, cache locality, or hardware 

performance counters may further improve prediction accuracy. 

Another limitation is that the current framework assumes a relatively stable execution environment. Modern computing systems 

frequently operate under dynamic hardware conditions where processor utilization, cache availability, memory bandwidth, and 

parallel execution resources influence algorithm performance. Future research should therefore investigate hardware-aware 

algorithm selection by integrating system-level performance metrics into the machine learning model. Such an extension would 

enable the framework to optimize algorithm selection based not only on input data characteristics but also on the current 

computational environment. 

Future work may also explore more advanced machine learning techniques, including ensemble learning methods, gradient 

boosting, online learning, and reinforcement learning. Although these approaches generally introduce higher computational costs, 

they may provide improved predictive performance when carefully optimized for low-latency inference. Furthermore, adaptive 

models capable of continuously learning from new execution data could enable the framework to evolve over time, maintaining 

high performance under changing workloads and emerging hardware architectures. 

Overall, the results demonstrate that combining lightweight machine learning techniques with classical algorithm engineering 

provides an effective strategy for adaptive sorting. The proposed framework successfully balances prediction accuracy, 

computational efficiency, and implementation simplicity, offering a practical solution to the long-standing algorithm selection 

problem. By enabling intelligent runtime adaptation without modifying the underlying sorting algorithms, this research contributes 

to the growing field of adaptive computing and highlights the potential of machine learning to enhance the performance of 

fundamental algorithms in modern software systems. 

 8. Conclusion 

Binary Search Trees remain one of the most important data structures used in modern computing systems. Their performance 

depends heavily on maintaining a balanced structure. 

Traditional balancing techniques such as AVL Trees and Red-Black Trees successfully address structural imbalance but do not 

adapt to changing user behavior. 

This research proposed the SmartBST framework, an Artificial Intelligence-assisted approach for optimizing Binary Search Trees. 

The framework combines machine learning techniques with BST operations to analyze historical access patterns, predict future 

behavior, and support adaptive restructuring decisions. 

The study demonstrated that AI-assisted optimization has the potential to improve search efficiency, scalability, adaptability, and 

resource utilization. The findings indicate that integrating Artificial Intelligence with classical data structures represents a 

promising direction for future research and development. 
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