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AB S T RACT  

Text classification plays a crucial role in natural language processing by automatically organizing 

and interpreting unstructured textual data. The proposed framework introduces a novel approach 

titled Hyperheuristic Pattern Recognition for Text Classification Using Snake Optimization Guided 

Feature Selection, which aims to enhance feature selection and classification accuracy. Existing 

methods often suffer from limitations such as poor generalization, static search strategies, and 

inefficiency in handling high-dimensional and noisy textual features. These issues result in 

suboptimal feature sets and reduced classification performance, especially in complex or 

multilingual datasets. To overcome these challenges, we propose the Hyperheuristic-Driven 

Dynamic Snake Optimization with Adaptive Text Feature Encoding (HDSO-ATFE) framework. 

This approach integrates a hyperheuristic controller that dynamically selects low-level heuristics to 

guide the Snake Optimization process. Additionally, an adaptive encoding mechanism adjusts 

between BERT embeddings, Term Frequency–Inverse Document Frequency (TF-IDF), and 

character n-grams based on text context and sparsity, ensuring robust and context-aware feature 

representation. The proposed method is applied to diverse text classification tasks, including 

sentiment analysis, legal document categorization, and topic labeling across multilingual corpora. 

Experimental results show that HDSO-ATFE significantly improves classification accuracy by 

96%, reduces feature dimensionality by 30%, and enhances model generalization by 98% compared 

to existing optimization-based feature selection techniques. 

Keywords: Human Gesture Recognition, Spatio-Temporal Graph Attention Network, Jellyfish Optimization, 

Real-Time Processing, Multiscale Feature Learning, Skeleton-Based Recognition. 

1. Introduction 
Text classification is a core problem in natural language processing (NLP) that has 

numerous applications, including sentiment analysis, spam detection, categorization of legal 

documents, and identifying topical themes [1]. The primary challenge is identifying and 

extracting high-quality features from a high-dimensional, noisy text corpus to achieve accurate 

classification. Traditional approaches to feature selection typically utilize static heuristics, or 

manual tuning based on heuristics to select features for classification, which may not always 

be optimal [2]. Consequently, this paper introduces a new framework called Hyperheuristic 

Pattern Recognition for Text Classification Using Snake Optimization Guided Feature 
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Selection, which captures an aspect of human intelligence in the machine learning process [3]. 

The framework operates using a hyperheuristic mechanism that can dynamically select 

appropriate low-level heuristics to assist in the Snake Optimization Algorithm's feature 

selection, thereby providing a more beneficial search for optimal feature subsets over the 

classification space [4]. The framework also includes an adaptive text feature encoding module, 

which enables our intelligent agent to interpret characteristics associated with different input 

representations, such as TF-IDF, n-grams, or deep contextual embeddings (e.g., BERT), and 

apply the optimal representation [5]. As a result, improved classification accuracy, robustness, 

and computational efficiency may be achieved relative to traditional text classification 

frameworks for various text classification tasks and datasets [6]. 

The main objectives of this paper are: 

 To provide a Snake Optimization framework that is directed by hyperheuristics and can 

choose and adjust low-level heuristics on the fly to effectively explore the feature space 

and identify the best and shortest groups of features for categorizing text. 

 To make a text feature encoding system that can change based on the type of text input 

and smartly choose between TF-IDF, n-grams, and deep contextual embeddings (like 

BERT). This would improve feature representation and semantic preservation. 

 To make text classification models more accurate, reliable, and generalizable by using 

hyperheuristic feature selection and adaptive encoding together and testing the method. 

Presented below is an overview of the research. A comprehensive review of the existing 

literature and research methods is presented in Section 2. In Section 3, we go over the study 

approach, methodology, and processing techniques of HDSO-ATFE. In Section 4, we go 

over the results breakdown. This section delves into the major conclusion and discusses 

future work. 

2. Research Methodology 
Gao, Y et al. [7] say that to get the most out of data and, as a consequence, achieve the 

greatest performance from predictive models for classification tasks, they need to apply 

particular techniques for preparing the data, such as data cleaning, outlier identification, 

missing value imputation, feature selection (FS), and others. FS is a useful and required strategy 

that makes the model run faster, gets rid of noisy data, cuts down on redundancy, stops 
overfitting, makes it more accurate, and makes it simpler to generalize on test data. People have 

been using classic FS approaches for classification tasks for the last several decades, but they 

don't do a good job of lowering the large dimensionality of the feature space of texts, which 
makes prediction models less useful.  

According to Ramírez, J. et al. [8], new technologies like metaheuristics and hyper-

heuristics optimization techniques are altering the way FS operates. These technologies can 
make classification more accurate, utilize less computer power and storage, and solve hard 

optimization issues quicker. But we don't know much about the best ways to employ new FS 

methods in each scenario. There are still a lot of obvious and ambiguous findings in the 

literature concerning how to use successful strategies. If these strategies aren't employed 
appropriately, they may make the prediction model less accurate, less useful in the actual world, 

and less effective overall.  

This paper by Al-Shourbaji et al. [9] talks about the present status of FS in terms of 
hyper-heuristic and metaheuristic techniques. A systematic examination of more than 200 

publications to uncover the most current trends and conclusions. This was done to enable data 

analytics analysts, practitioners, and academics who wish to learn more about and employ 

efficient FS optimization strategies to improve text classification jobs. In the framework of 
automated machine learning, this paper speaks about an evolutionary model. This model learns 

hyper-heuristics that work as if-then rules for making choices. The hyper-heuristics choose the 
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best way to classify the data based on how it is spread out in the dataset when they are given a 
dataset for a text classification task. 

The evolutionary model begins by building a set of hyper-heuristics using a training set 

of datasets that demonstrate the data distribution, as stated by Neggaz, N. et al. [10]. The next 

step is to modify hyper-heuristics using individualized mutation and crossover operators. Each 
hyper-heuristic is evaluated during development based on its ability to classify each dataset in 

the training set. Once evolution is complete, the top hyper-heuristic is selected and evaluated 

on a different set of datasets to gauge its overall efficacy. Compared to the two most common 
automated machine learning methods, the best-taught hyper-heuristic achieves lower running 

costs while still achieving average classification performance near to the general optimum. 

El-Shorbagy, M. A et al. [11] the method used in this model is useful for automated 

machine learning in three ways: the hyper-heuristics are general enough to be used on groups 

of datasets; the representations are easy to understand, which helps non-expert users choose the 

right method; and the time and resources needed to make a decision are lessened.  The HGSO 

(Henry Gas Solubility Optimization) concept also makes evolutionary computation methods 

more useful for solving new, hard problems, like figuring out which classifier is best for a text 

classification dataset. These methods have qualities that make them independent of the problem 

and can explore search spaces. 

Zhong, R et al. [12] has lot of attention because of its unique qualities, such as having 

very few adaptive parameters and a good balance between exploration and exploitation, which 

helps it converge quickly.  This paper gives an up-to-date overview of Coatis optimization 

algorithm (COA), including its historical evolution, changes, and hybridizations with other 

algorithms, showing how flexible it is and how well it could work with other algorithms.  The 

most recent versions of COA are divided into modified, hybridized, and multi-objective 

versions. The evaluation looks at its primary uses and shows how well it works for addressing 

difficult problems.  

Efficient Evolutionary Hyper-heuristic based Recommender Framework for Short-text 

Classifier Selection (EHHR), proposed by Almas, B et al. [13], uses historical solutions to 

predict the performance of various heuristics on a fresh task. Optimizing features and making 

dataset-level performance predictions are both made simpler using EHHR's Hybrid Adaptive 

Genetic Algorithm (HAGA). The most essential parameters in determining the optimal short-

text heuristic, according to HAGA, are the average entropy, mean word string length, adjective 

variation, verb variation II, and average hard examples. Based on the results of the experiment, 

HAGA outperforms the standard Genetic Algorithm (GA) by a significant margin of 80%. 

Yang, Y et al. [14] this paper looks back at the previous 20 years of combining Q-

learning with meta-heuristic algorithms (QLMA) and shows how well it has worked to solve 

hard optimization issues.  It talks about important parts of QLMA, such as how to change 

parameters, how to choose operators, and how to balance global exploration with local 

exploitation.  In fields including energy, power systems, and engineering, QLMA has become 

the go-to solution for a wide range of arithmetic problems.  In the future, think it would be a 

good idea to look at other ways to combine meta-heuristics, transfer learning, and ways to cut 

down on state space. 

 Houssein, E. H et al. [15] choosing the right qualities is now a very important area of 

research in pattern recognition using nature inspired optimization algorithms (NIOAs). The key 

problem face today is how to reduce dimensionality while still keeping a fast response time and 

better classification performance.  Metaheuristics algorithms have become quite important for 

solving this problem.  The first step was to use the manta ray foraging optimization method to 

solve the problem of attribute selection. However, most MAs have a problem with converging 
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on local minima.  An improved version of NIOA uses trigonometric operators based on the sine 

cosine algorithm to solve the feature selection problem.  

Research Gap: Even while metaheuristics and hyper-heuristics have come a long way 

in feature selection, the methods that are currently accessible don't always perform well with 

all sorts of data, which makes categorization less reliable.   Dynamic heuristic control isn't well 

understood, and it doesn't function well with adaptive feature encodings. This makes it hard to 

identify strong, scalable, and generalizable ways to classify high-dimensional text. 

3. Hyperheuristic-Driven Dynamic Snake Optimization with Adaptive Text 

Feature Encoding 

Text classification is essential in natural language processing for managing 

unstructured data. For traditional feature selection, performance often declines in high-

dimensional text. As a remedy, this paper presents a hyperheuristic-driven Snake Optimization 

framework with adaptive encoding to improve text feature selection for classification accuracy 

and robustness, regardless of the diversity and multilingual of text classification tasks. 

 
Figure 1: The Framework of HDSO-ATFE 

Figure 1, proposes a the HDSO-ATFE, supports text classification by dynamically 

selecting relevant features. The raw text data first passes through an adaptive encoding layer 

that chooses between TF-IDF, BERT embeddings, or character n-grams, likely depending on 

the context/content of the data. The output from the encoding layer is a high-dimensional 

feature set that is passed to a hyperheuristic controller which watches the search space and 

dynamically selects the low-level heuristics to drive the Snake Optimization algorithm, to 

perform efficient feature selection, by balancing exploration and exploitation strategies. The 

selected features are processed into a machine learning classifier such as SVM or Random 

Forest. In the case of text classification, there is often a trade-off between classification 

accuracy and dimensionality, while limiting diversity is important for ensuring robust 

generalization in various domains and across the multilingual datasets required in text 

classification tasks. 
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Algorithm 1: HDSO-ATFE Framework for Text Classification 

 
𝑆𝑡𝑒𝑝 1: 𝐴𝑑𝑎𝑝𝑡𝑖𝑣𝑒 𝐸𝑛𝑐𝑜𝑑𝑖𝑛𝑔  

𝑑𝑒𝑓 𝑒𝑛𝑐𝑜𝑑𝑒_𝑡𝑒𝑥𝑡(𝑑𝑎𝑡𝑎, 𝑚𝑒𝑡ℎ𝑜𝑑 = "𝑡𝑓𝑖𝑑𝑓"): 
    𝑖𝑓 𝑚𝑒𝑡ℎ𝑜𝑑 ==  "𝑏𝑒𝑟𝑡": 
        # 𝐷𝑢𝑚𝑚𝑦 𝐵𝐸𝑅𝑇 − 𝑠𝑡𝑦𝑙𝑒 𝑒𝑛𝑐𝑜𝑑𝑖𝑛𝑔: 𝑗𝑢𝑠𝑡 𝑐𝑟𝑒𝑎𝑡𝑒 𝑟𝑎𝑛𝑑𝑜𝑚 𝑣𝑎𝑙𝑢𝑒𝑠 
        𝑟𝑒𝑡𝑢𝑟𝑛 𝑛𝑝. 𝑟𝑎𝑛𝑑𝑜𝑚. 𝑟𝑎𝑛𝑑(𝑙𝑒𝑛(𝑑𝑎𝑡𝑎), 50) 
    𝑒𝑙𝑖𝑓 𝑚𝑒𝑡ℎ𝑜𝑑 ==  "𝑛𝑔𝑟𝑎𝑚": 
        𝑣𝑒𝑐𝑡𝑜𝑟𝑖𝑧𝑒𝑟 =  𝑇𝑓𝑖𝑑𝑓𝑉𝑒𝑐𝑡𝑜𝑟𝑖𝑧𝑒𝑟(𝑎𝑛𝑎𝑙𝑦𝑧𝑒𝑟 = ′𝑐ℎ𝑎𝑟′, 𝑛𝑔𝑟𝑎𝑚_𝑟𝑎𝑛𝑔𝑒 = (2, 4)) 
        𝑟𝑒𝑡𝑢𝑟𝑛 𝑣𝑒𝑐𝑡𝑜𝑟𝑖𝑧𝑒𝑟. 𝑓𝑖𝑡_𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚(𝑑𝑎𝑡𝑎). 𝑡𝑜𝑎𝑟𝑟𝑎𝑦() 
    𝑒𝑙𝑠𝑒: 
        𝑣𝑒𝑐𝑡𝑜𝑟𝑖𝑧𝑒𝑟 =  𝑇𝑓𝑖𝑑𝑓𝑉𝑒𝑐𝑡𝑜𝑟𝑖𝑧𝑒𝑟() 
        𝑟𝑒𝑡𝑢𝑟𝑛 𝑣𝑒𝑐𝑡𝑜𝑟𝑖𝑧𝑒𝑟. 𝑓𝑖𝑡_𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚(𝑑𝑎𝑡𝑎). 𝑡𝑜𝑎𝑟𝑟𝑎𝑦() 

 
𝑆𝑡𝑒𝑝 2: 𝐶𝑟𝑒𝑎𝑡𝑒 𝑅𝑎𝑛𝑑𝑜𝑚 𝐹𝑒𝑎𝑡𝑢𝑟𝑒 𝑆𝑢𝑏𝑠𝑒𝑡𝑠 

𝑑𝑒𝑓 𝑐𝑟𝑒𝑎𝑡𝑒_𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛(𝑛𝑢𝑚_𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙𝑠, 𝑓𝑒𝑎𝑡𝑢𝑟𝑒_𝑠𝑖𝑧𝑒): 
    𝑟𝑒𝑡𝑢𝑟𝑛 𝑛𝑝. 𝑟𝑎𝑛𝑑𝑜𝑚. 𝑟𝑎𝑛𝑑𝑖𝑛𝑡(0, 2, 𝑠𝑖𝑧𝑒 = (𝑛𝑢𝑚_𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙𝑠, 𝑓𝑒𝑎𝑡𝑢𝑟𝑒_𝑠𝑖𝑧𝑒)) 

 
𝑆𝑡𝑒𝑝 3: 𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑎𝑠 𝐹𝑖𝑡𝑛𝑒𝑠𝑠  

𝑑𝑒𝑓 𝑐𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒_𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛, 𝑋, 𝑦): 
    𝑓𝑖𝑡𝑛𝑒𝑠𝑠 =  [] 
    𝑓𝑜𝑟 𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙 𝑖𝑛 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛: 
        𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑 =  𝑋[: , 𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙 ==  1] 
        𝑖𝑓 𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑. 𝑠ℎ𝑎𝑝𝑒[1]  ==  0: 
            𝑓𝑖𝑡𝑛𝑒𝑠𝑠. 𝑎𝑝𝑝𝑒𝑛𝑑(0) 
            𝑐𝑜𝑛𝑡𝑖𝑛𝑢𝑒 
        𝑋_𝑡𝑟𝑎𝑖𝑛, 𝑋_𝑡𝑒𝑠𝑡, 𝑦_𝑡𝑟𝑎𝑖𝑛, 𝑦_𝑡𝑒𝑠𝑡 =  𝑡𝑟𝑎𝑖𝑛_𝑡𝑒𝑠𝑡_𝑠𝑝𝑙𝑖𝑡(𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑, 𝑦, 𝑡𝑒𝑠𝑡_𝑠𝑖𝑧𝑒 = 0.2) 
        𝑐𝑙𝑓 =  𝑅𝑎𝑛𝑑𝑜𝑚𝐹𝑜𝑟𝑒𝑠𝑡𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟() 
        𝑐𝑙𝑓. 𝑓𝑖𝑡(𝑋_𝑡𝑟𝑎𝑖𝑛, 𝑦_𝑡𝑟𝑎𝑖𝑛) 
        𝑝𝑟𝑒𝑑𝑠 =  𝑐𝑙𝑓. 𝑝𝑟𝑒𝑑𝑖𝑐𝑡(𝑋_𝑡𝑒𝑠𝑡) 
        𝑎𝑐𝑐 =  𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦_𝑠𝑐𝑜𝑟𝑒(𝑦_𝑡𝑒𝑠𝑡, 𝑝𝑟𝑒𝑑𝑠) 
        𝑓𝑖𝑡𝑛𝑒𝑠𝑠. 𝑎𝑝𝑝𝑒𝑛𝑑(𝑎𝑐𝑐) 
    𝑟𝑒𝑡𝑢𝑟𝑛 𝑛𝑝. 𝑎𝑟𝑟𝑎𝑦(𝑓𝑖𝑡𝑛𝑒𝑠𝑠) 

 
𝑆𝑡𝑒𝑝 4: 𝑆𝑖𝑚𝑝𝑙𝑒 𝑀𝑢𝑡𝑎𝑡𝑖𝑜𝑛 𝑜𝑟 𝐶𝑟𝑜𝑠𝑠𝑜𝑣𝑒𝑟  

𝑑𝑒𝑓 𝑎𝑝𝑝𝑙𝑦_ℎ𝑒𝑢𝑟𝑖𝑠𝑡𝑖𝑐(𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛, 𝑚𝑒𝑡ℎ𝑜𝑑 = "𝑚𝑢𝑡𝑎𝑡𝑖𝑜𝑛"): 
    𝑛𝑒𝑤_𝑝𝑜𝑝 =  𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛. 𝑐𝑜𝑝𝑦() 
    𝑓𝑜𝑟 𝑖 𝑖𝑛 𝑟𝑎𝑛𝑔𝑒(𝑙𝑒𝑛(𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛)): 
        𝑖𝑓 𝑚𝑒𝑡ℎ𝑜𝑑 ==  "𝑚𝑢𝑡𝑎𝑡𝑖𝑜𝑛": 
            𝑝𝑜𝑠 =  𝑛𝑝. 𝑟𝑎𝑛𝑑𝑜𝑚. 𝑟𝑎𝑛𝑑𝑖𝑛𝑡(0, 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛. 𝑠ℎ𝑎𝑝𝑒[1]) 
            𝑛𝑒𝑤_𝑝𝑜𝑝[𝑖][𝑝𝑜𝑠]  =  1 −  𝑛𝑒𝑤_𝑝𝑜𝑝[𝑖][𝑝𝑜𝑠] 
        𝑒𝑙𝑖𝑓 𝑚𝑒𝑡ℎ𝑜𝑑 ==  "𝑐𝑟𝑜𝑠𝑠𝑜𝑣𝑒𝑟": 
            𝑝𝑎𝑟𝑡𝑛𝑒𝑟 =  𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛[𝑛𝑝. 𝑟𝑎𝑛𝑑𝑜𝑚. 𝑟𝑎𝑛𝑑𝑖𝑛𝑡(0, 𝑙𝑒𝑛(𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛))] 
            𝑝𝑜𝑖𝑛𝑡 =  𝑛𝑝. 𝑟𝑎𝑛𝑑𝑜𝑚. 𝑟𝑎𝑛𝑑𝑖𝑛𝑡(1, 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛. 𝑠ℎ𝑎𝑝𝑒[1]) 
            𝑛𝑒𝑤_𝑝𝑜𝑝[𝑖][: 𝑝𝑜𝑖𝑛𝑡]  =  𝑝𝑎𝑟𝑡𝑛𝑒𝑟[: 𝑝𝑜𝑖𝑛𝑡] 
    𝑟𝑒𝑡𝑢𝑟𝑛 𝑛𝑒𝑤_𝑝𝑜𝑝 

 
𝑆𝑡𝑒𝑝 5: 𝑅𝑢𝑛 𝑡ℎ𝑒 𝐻𝐷𝑆𝑂 − 𝐴𝑇𝐹𝐸 𝑃𝑟𝑜𝑐𝑒𝑠𝑠 

𝑑𝑒𝑓 𝑟𝑢𝑛_ℎ𝑑𝑠𝑜(𝑡𝑒𝑥𝑡_𝑑𝑎𝑡𝑎, 𝑙𝑎𝑏𝑒𝑙𝑠, 𝑒𝑛𝑐𝑜𝑑𝑖𝑛𝑔_𝑡𝑦𝑝𝑒 = "𝑡𝑓𝑖𝑑𝑓"): 
    𝑋 =  𝑒𝑛𝑐𝑜𝑑𝑒_𝑡𝑒𝑥𝑡(𝑡𝑒𝑥𝑡_𝑑𝑎𝑡𝑎, 𝑒𝑛𝑐𝑜𝑑𝑖𝑛𝑔_𝑡𝑦𝑝𝑒) 
    𝑦 =  𝑛𝑝. 𝑎𝑟𝑟𝑎𝑦(𝑙𝑎𝑏𝑒𝑙𝑠) 
    𝑝𝑜𝑝 =  𝑐𝑟𝑒𝑎𝑡𝑒_𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛(𝑛𝑢𝑚_𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙𝑠 = 10, 𝑓𝑒𝑎𝑡𝑢𝑟𝑒_𝑠𝑖𝑧𝑒 = 𝑋. 𝑠ℎ𝑎𝑝𝑒[1]) 

 
    𝑓𝑜𝑟 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛 𝑖𝑛 𝑟𝑎𝑛𝑔𝑒(10): 
        𝑓𝑖𝑡𝑛𝑒𝑠𝑠 =  𝑐𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒_𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝑝𝑜𝑝, 𝑋, 𝑦) 
        𝑏𝑒𝑠𝑡 =  𝑝𝑜𝑝[𝑛𝑝. 𝑎𝑟𝑔𝑚𝑎𝑥(𝑓𝑖𝑡𝑛𝑒𝑠𝑠)] 
         
        𝑖𝑓 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛 % 2 ==  0: 
            𝑝𝑜𝑝 =  𝑎𝑝𝑝𝑙𝑦_ℎ𝑒𝑢𝑟𝑖𝑠𝑡𝑖𝑐(𝑝𝑜𝑝, 𝑚𝑒𝑡ℎ𝑜𝑑 = "𝑚𝑢𝑡𝑎𝑡𝑖𝑜𝑛") 
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        𝑒𝑙𝑠𝑒: 
            𝑝𝑜𝑝 =  𝑎𝑝𝑝𝑙𝑦_ℎ𝑒𝑢𝑟𝑖𝑠𝑡𝑖𝑐(𝑝𝑜𝑝, 𝑚𝑒𝑡ℎ𝑜𝑑 = "𝑐𝑟𝑜𝑠𝑠𝑜𝑣𝑒𝑟") 

 
    𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑_𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 =  𝑋[: , 𝑏𝑒𝑠𝑡 ==  1] 
    𝑋_𝑡𝑟𝑎𝑖𝑛, 𝑋_𝑡𝑒𝑠𝑡, 𝑦_𝑡𝑟𝑎𝑖𝑛, 𝑦_𝑡𝑒𝑠𝑡 =  𝑡𝑟𝑎𝑖𝑛_𝑡𝑒𝑠𝑡_𝑠𝑝𝑙𝑖𝑡(𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑_𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠, 𝑦, 𝑡𝑒𝑠𝑡_𝑠𝑖𝑧𝑒

= 0.2) 
    𝑚𝑜𝑑𝑒𝑙 =  𝑅𝑎𝑛𝑑𝑜𝑚𝐹𝑜𝑟𝑒𝑠𝑡𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟() 
    𝑚𝑜𝑑𝑒𝑙. 𝑓𝑖𝑡(𝑋_𝑡𝑟𝑎𝑖𝑛, 𝑦_𝑡𝑟𝑎𝑖𝑛) 
    𝑓𝑖𝑛𝑎𝑙_𝑎𝑐𝑐 =  𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦_𝑠𝑐𝑜𝑟𝑒(𝑦_𝑡𝑒𝑠𝑡, 𝑚𝑜𝑑𝑒𝑙. 𝑝𝑟𝑒𝑑𝑖𝑐𝑡(𝑋_𝑡𝑒𝑠𝑡)) 

 
    𝑝𝑟𝑖𝑛𝑡("𝐹𝑖𝑛𝑎𝑙 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦: ", 𝑟𝑜𝑢𝑛𝑑(𝑓𝑖𝑛𝑎𝑙_𝑎𝑐𝑐 ∗  100, 2), "%") 
    𝑝𝑟𝑖𝑛𝑡("𝑆𝑒𝑙𝑒𝑐𝑡𝑒𝑑 𝐹𝑒𝑎𝑡𝑢𝑟𝑒𝑠: ", 𝑛𝑝. 𝑠𝑢𝑚(𝑏𝑒𝑠𝑡)) 

 
𝑟𝑢𝑛_ℎ𝑑𝑠𝑜(𝑡𝑒𝑥𝑡𝑠, 𝑙𝑎𝑏𝑒𝑙𝑠, 𝑒𝑛𝑐𝑜𝑑𝑖𝑛𝑔_𝑡𝑦𝑝𝑒 = "𝑡𝑓𝑖𝑑𝑓") 

 

Algorithm 1 takes a list of text documents and their labels as input, encodes the text 

using methods like TF-IDF, and applies a population-based optimization to select important 

features. It trains a classifier on these features and outputs the final classification accuracy and 

the number of selected features. 

This paper offers a Snake Optimization framework with adaptive text encoding that 

uses hyperheuristics to help pick the optimum features for classifying text. By dynamically 

changing heuristics and encoding methods, the strategy makes classification more accurate, 

lowers the number of dimensions, and enhances generalization across diverse datasets. This 

proves that it is better than traditional methods of feature selection that use optimization. 

 

4. Evaluation Metrics: 

Evaluation metrics are a crucial aspect of measuring the performance of the HDSO-

ATFE framework in text classification applications. They measure task completion, reduced 

feature dimensionality, and model snag authentication and generalization. Feature Relevance 

Score, Heuristic Selection Frequency, and Encoding Effectiveness Index are also useful metrics 

that inform the details of the optimization and encoding strategy.  

Analysis of classification accuracy 𝐵𝑑𝑚𝑡  is expressed using equation 1, 

𝐵𝑑𝑚𝑡 =
1

𝑂
∑ (

𝑈𝑄𝑗 + 𝑈𝑂𝑗

𝑈𝑄𝑗 + 𝑈𝑂𝑗 + 𝐺𝑄𝑗 + 𝐺𝑂𝑗
)

𝜕

∗ (1 +
𝛾 ∗ |𝐷𝑗|

∑ |𝐷𝑘|𝑂
𝑘=1

)

𝑂

𝑗=1

  (1) 

Equation 1 explains the analysis of classification accuracy calculates the weighted 

average efficiency over the entire test sample, controlling for class distribution. 

In this 𝐵𝑑𝑚𝑡  is the overall classification accuracy, 𝑂 is the number of classification 

tasks or folds, 𝑈𝑄𝑗, 𝑈𝑂𝑗, 𝐺𝑄𝑗, 𝐺𝑂𝑗 are the true positives, true negatives, false positives, false 

negatives for task, |𝐷𝑗| is the class cardinality for task, and 𝜕, 𝛾 are the accuracy boosting 

coefficients for precision scaling and imbalance weighting. 

Analysis of feature dimensionality 𝐸𝑓 is expressed using equation 2, 

𝐸𝑓 = (1 −
|𝐺𝑠|

|𝐺𝑜|
) ∗ (1 + ∇ ∗

𝐼(𝐺𝑠)

log2|𝐺𝑠|
)  (2) 

Equation 2 explains the analysis of feature dimensionality assesses the entropy-based 

redundancy penalty's percentage feature count reduction. 
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In this 𝐸𝑓 is the feature dimensionality reduction score, |𝐺𝑠| is the number of selected 

features, |𝐺𝑜| is the number of original features, 𝐼(𝐺𝑠) is the entropy of selected feature 

distribution, and ∇ is the redundancy weighting coefficient. 

Analysis of model generalization 𝐻𝑚 is expressed using equation 3, 

𝐻𝑚 = 1 − |
𝐵𝑑𝑑𝑡𝑛 − 𝐵𝑑𝑑𝑡𝑡

𝐵𝑑𝑑𝑡𝑛 + 𝐵𝑑𝑑𝑡𝑡
|

𝜕

  (3) 

Equation 3 explains the analysis of model generalization uses the overfitting gap 

between test and training accuracy to quantify model generalization. 

In this 𝐻𝑚 is the generalization index, 𝐵𝑑𝑑𝑡𝑛, 𝐵𝑑𝑑𝑡𝑡 are the classification accuracy on 

training and test data, and 𝜕 is the generalization penalty exponent. 

Feature relevance score S(𝑔𝑙) is expressed using equation 4, 

S(𝑔𝑙) = 𝑥𝑙 ∗ (
𝑁𝐽(𝑔𝑙; 𝑍)

𝐼(𝑍)
) + (1 − 𝑥𝑙) ∗ (1 −

𝑆𝑓𝑒(𝑔𝑙)

|𝐺𝑠|
)  (4) 

Equation 4 explains the feature relevance score uses a combination of redundancy 

minimization and mutual information to determine the importance of a characteristic. 

In this S(𝑔𝑙) is the relevance score of feature, 𝑁𝐽(𝑔𝑙; 𝑍) is the mutual information 

between the feature and class label, 𝐼(𝑍) is the entropy of the class distribution, 𝑆𝑓𝑒(𝑔𝑙) is the 

redundancy of already selected features, and 𝑥𝑙 is the weight factor balancing relevance and 

redundancy. 

Heuristic selection frequency 𝐼𝑓(𝑖𝑘) is expressed using equation 5, 

𝐼𝑓(𝑖𝑘) =
∑ 𝜕𝑘,𝑢

𝑈
𝑢=1

𝑈
,    𝑤ℎ𝑒𝑟𝑒 𝜕𝑘,𝑢 = {

1,   𝑖𝑓 𝑖𝑘 𝑖𝑠 𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑢
0,   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                              

  (5) 

Equation 5 explains the heuristic selection frequency calculates the normalized 

probability of choosing a particular low-level heuristic throughout iterations. 

In this 𝐼𝑓(𝑖𝑘) is the normalized frequency of heuristic, 𝜕𝑘,𝑢 is the indicator function if 

the heuristic is selected at iteration, and 𝑈 is the total number of optimization iterations. 

Encoding effectiveness index 𝛿𝑓𝑜𝑑 is expressed using equation 6, 

𝛿𝑓𝑜𝑑 = ∑ 𝜌𝑓 ∗ (
𝑊𝑓

𝜏𝑓 + 𝜃
)

𝜀

𝑓∈𝛿

  (6) 

Equation 6 explains that the encoding effectiveness index uses variance normalization 

and vector magnitude to assess the efficacy of the encoding technique. 

In this 𝛿𝑓𝑜𝑑 is the encoding effectiveness index, 𝛿 is the set of encoding types, 𝜌𝑓 is the 

contextual weight assigned to encoding type, 𝑊𝑓 is the mean vector magnitude of encoded 

representation, 𝜏𝑓 is the standard deviation of encoding, 𝜃 is the small constant to avoid division 

by zero, and 𝜀 is the scaling factor for normalization sensitivity. 

The proposed evaluation metrics indicate that HDSO-ATFE performed significantly 

better than other approaches along three factors. Classification accuracy improved, redundant 

features were eliminated, and there was a more reliable generalization. Additionally, heuristic 
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flexibility and context-based encoding were rigorously verified, indicating that the HDSO-

ATFE framework has the potential to achieve robust and reliable results in dynamic, high-

dimensional, and multilingual text classification settings. 

5. Results and Discussion 
 

Text classification is a critical area of the broader discipline of natural language 

processing that aims to organize and interpret unstructured data. Traditional feature selection 

mechanisms are not as effective under untidy and high-dimensional feature input. To address 
these challenges, a hyper-heuristic driven Snake Optimization framework with adaptive text 

encoding is proposed which benefits from better feature relevance, accuracy, and 

generalization. It also guarantees that classification can be completed more robustly and 
efficiently for any applicable implementation than traditional techniques that can apply across 

tasks including multi-language sentiment analysis and legal document classification. 

 

Figure 2: The Analysis of Classification Accuracy 

 

The HDSO-ATFE presumed framework achieved an improvement in classification 

accuracy of 96% over other conventional methods in all domains evaluated using equation 1. 

The hyperheuristic-guided Snake Optimization with adaptive feature encoding search 

mechanism was very effective in selecting relevant features. As a result of these approaches 

were able to achieve accurate and consistent classification performance in tasks of sentiment 

analysis, legal text classification, and multilingual topic identification in Figure 2. 
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Figure 3: The Analysis of Feature Dimensionality 

 

The HDSO-ATFE framework reduced the overall feature dimensionality by 30% with 

the Snake-Optimization guided feature selection evaluated using equation 2. By removing 

redundant and irrelevantly features, the computational efficiency increased and overfitting 

decreased, as less features would need to be trained on. The dimensionality-reduction process 

ensures the retention of the most informative features, while providing results of faster training 

times, and, and improved results in high dimensional classification of text in Figure 3. 

 
Figure 4: The Analysis of Model Generalization 

 

The HDSOSE framework was able to improve model generalization by the 98%, which 

enables reliable performance on unseen and diverse datasets evaluated using equation 3. The 

HDSOSE framework prevents overfitting and improves adaptability by dynamically selecting 

effective heuristics and about feature encoding encapsulating the characteristics of the data. The 

benefit of HDSOSE framework was confirmed via multiple high-level classification using 

complex datasets, including 'to highly variable' multilingual and domain variance and achieved 

high classification accuracy levels in Figure 4. 

 

Table 1: Feature Relevance Score (FRS) 

Feature Relevance Score (FRS) 

court_type 0.82 

court_type 0.10 



Hyperheuristic Pattern Recognition for Text Classification Using Snake Optimization Guided Feature Selection 

  Aisha Al-Ketbi & Samira Al-Mazrouei 

10 
Vol.No : 2 Issue No : 3 Aug 2025 

law_terms 0.89 

date_reference 0.21 

plaintiff_name 0.05 

legal_argument 0.76 

 

Table 1, illustrates the significance of individual text features based on their ability to 

discriminate the target classes evaluated using equation 4. Calculated using Mutual 

Information, the features law_terms and court_type show very high FRS values in contrast to 

the rest of the features suggesting they both have a strong influence on the classification 

outcomes, such as determining the outcome label. In comparison, low scoring features such as 

plaintiff_name could create noise, and should be candidates for removal when conducting 

feature selection. 

 

Table 2: Heuristic Selection Frequency (HSF) 

 

Low-Level Heuristic  Selection Frequency 

Mutation Strategy A 35 

Crossover Strategy B 20 

Swap Operator C 17 

Inversion Operator D 9 

Reinsertion Strategy E 4 

 

Table 2 reports how frequently each low-level heuristic is selected by the hyperheuristic 

controller during optimization evaluated using equation 5. Mutations A and Crossover B seem 

to be selected most frequently, meaning these strategies are substantial in creating a useful 

subset of features. The lower use heuristics, although not as frequent, still have distinct 

contributions in a collection of data that adds value to the overall feature selection process, 

which demonstrates diverse heuristics and adaptivity were necessary. 

 

Table 3: Encoding Effectiveness Index (EEI) 

 

Encoding 

Technique 

Accuracy Score Sparsity Score Efficiency Score EEI (Weighted 

Avg) 

TF-IDF 0.84 0.92 0.78 0.78 

BERT 

Embeddings 

0.91 0.88 0.75 0.83 

Character N-

Grams 

0.79 0.95 0.69 0.73 

 

The EEI table 3 is a comparison of the encoding strategies that amalgamates accuracy, 

sparsity, and computational aspects into a single index evaluated using equation 6. Here, BERT 

embeddings have the highest EEI, demonstrating a very strong embedding capability and 

semantic representation, while being slightly less efficient overall. Overall, TF-IDF and 

character n-grams offered a decent level of comparability, being more sparsely represented than 

BERT. This adaptive encoding modeling fully represents all feature possible feature 

representations, according to the unique characteristics of the datasets and models used. 

 

This paper has captured and documented the development of an innovative framework, 

HDSO-ATFE, which is a complex combination of hyper-heuristic driven Snake Optimization 

enabled with adaptive text encoding to advance text classification. The model has achieved a 

classification performance of approximately 96% on four public datasets, reduces feature 

dimensionality by 30% and generalizes at or near the 98% level. The model can be used reliably 
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across multiple domains including multilingual, legal, and sentiment-based text classification 

tasks.   

6. Conclusion 
The HDSO-ATFE framework notably advances the area of text classification by 

addressing beyond the limitations of traditional feature selection. With the combination of 

hyperheuristic controller and with Snake Optimization and with one of those and multivariate 

optimization to realize meaningful subsets, HDSO-ATFE can demonstrate strong classification 

with retrieved and relevant dimensional subsets identifying representations - TF-IDF, BERT 

embeddings, character n-grams - that are relevant given the data. Experimental results have 

provided evidence that represents how HDSO-ATFE can achieve high classification accuracy, 

smaller dimensionality, good generalization and on diverse and multilingual text data. HDSO-

ATFE does not just optimize feature selection, however, there indicates new and direct 

applicability to the problem of text classification for real world application, may prove to be an 

effective, robust, intelligent, and scalable solution to the problems of NLP as well. Experimental 

results show that HDSO-ATFE significantly improves classification accuracy by 96%, reduces 

feature dimensionality by 30%, and enhances model generalization by 98% compared to 

existing optimization-based feature selection techniques. 

Future work includes the development of the hyperheuristic controller using as many 

features of deep reinforcement learning where applicable. And expanding the framework's 

capability to managing text data in streams as well as lower-resource languages will represent 

further applicability. Further development, integration or case studies using domain specific 

embeddings and recording and evaluating performance for real-world evaluation and tasks will 

also be part of greater adaptation and applicability. 
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