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Highlights 
• This study proposes MOCS-BERT, combining Cuckoo Search with Sentence-BERT for summarization. 

• The model balances relevance, redundancy, and readability using multi-objective fitness function. 

• MOCS-BERT outperforms established metaheuristics in semantic coherence on news datasets. 

• The approach generates accessible summaries suitable for a general audience comprehension. 

• Statistical validation confirms significant improvement over baseline optimization algorithms. 
 

Article Info 

 

Abstract 

This study presents MOCS-BERT, a novel extractive text summarization framework that 

effectively integrates multi-objective Cuckoo Search Optimization with Sentence-BERT 

embeddings to generate semantically coherent and readable summaries. Evaluated on the full 

CNN/DailyMail test set comprising 11,490 documents, the proposed model demonstrates 

statistically significant superiority over three established metaheuristic algorithms namely Bat 

Algorithm (BA), Flower Pollination Algorithm (FPA), and Firefly Algorithm (FA) as confirmed 

by the Wilcoxon signed-rank test (p = 0.0432 and p = 0.0010, respectively). Although it does not 

show statistical significance against Flower Pollination Algorithm (p = 0.0990) among the three 

baseline metaheuristic algorithms evaluated (BA, FPA, FA), MOCS-BERT consistently achieves 

the highest ROUGE-L F1 score (0.1895), underscoring its exceptional ability to preserve 

narrative coherence and logical structure in generated summaries. Furthermore, the model 

produces highly readable output, with a Flesch Reading Ease of 66.9 and low grade-level indices, 

making it accessible to a broad audience. These results validate that the integration of deep 

semantic representations with a carefully designed multi-objective fitness function balancing 

semantic relevance, non-redundancy, and readability yields a robust, scalable summarization 

system with balanced performance across semantic coherence, redundancy control, and 

readability metrics. The research not only progresses the methodological boundaries of 

metaheuristic-based text summarization but also provides practical utility in real-world 

applications, including news aggregation, legal document analysis, and emergency response 

assistance.. Future work will focus on human evaluation, domain-specific adaptation, and 

automated hyperparameter tuning to further enhance performance and generalizability.  
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1. INTRODUCTION 

 

The exponential proliferation of digital text from news articles and scientific publications to social media 

and corporate reports has created an unprecedented challenge for human readers [1]. The sheer volume of 

information available online often exceeds an individual’s capacity to process and comprehend it 

effectively, a phenomenon known as information overload [1, 2]. This challenge has spurred significant 

research interest in Automatic Text Summarization (ATS), a subfield of Natural Language Processing 

(NLP) that aims to automatically generate concise, coherent, and informative summaries of source 

documents while preserving their essential meaning [3, 4]. 

 

ATS methodologies are primarily categorized into two paradigms: extractive and abstractive [4]. Unlike 

abstractive methods, extractive approaches preserve original sentence structures by ranking and extracting 
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key passages, which reduces computational overhead and improves transparency [5, 6]. In contrast, 

abstractive summarization generates new phrases and sentences to convey the document's core ideas, often 

producing more human-like summaries but at a higher computational cost and with a greater risk of factual 

hallucination [4, 7]. For applications requiring speed, transparency, and fidelity to the source, such as news 

aggregation, legal document analysis, or emergency response, extractive summarization remains the 

preferred choice[6, 8]. 

 

Recent breakthroughs in natural language processing have successfully integrated deep learning models, 

notably transformer-based architectures such as BERT (Bidirectional Encoder Representations from 

Transformers) [9], into extractive summarization [6]. Models like BERTSUM [10] leverage BERT 

embeddings to score sentence importance, achieving state-of-the-art results on benchmark datasets [6]. 

However, these models often treat summarization as a supervised classification task, necessitating large 

amounts of labeled training data and lacking explicit control over crucial summarization attributes like 

redundancy or coherence [6]. To capture deeper semantic relationships between sentences, researchers have 

increasingly explored Sentence-BERT, which generates contextual embeddings that better represent the 

semantic similarity between sentence pairs than traditional lexical-based methods like TF-IDF [11]. 

 

Recent work has explored hybrid NLP-optimization approaches, though with limitations our framework 

addresses. Pati & Rautray [12] combined TF-IDF features with Harmony Search but relied on lexical 

similarity, failing to capture semantic relationships. Ali et al. [13] used Harmony Search with basic 

embeddings but optimized only for relevance, ignoring redundancy and readability trade-offs. Most 

critically, existing metaheuristic summarizers (e.g., MDSCSA [14]) treat optimization as single-objective 

(maximize relevance), producing summaries that are informative but often redundant or incoherent. Our 

work advances this line by: (1) replacing lexical features with Sentence-BERT for true semantic similarity; 

(2) explicitly modelling the relevance-redundancy-readability triad via weighted multi-criteria 

optimization; and (3) validating on the modern CNN/DailyMail benchmark rather than small custom 

datasets. This positions MOCS-BERT not as a radical departure but as a methodological refinement that 

addresses documented gaps in prior hybrid approaches. 

 

To address the limitations of rigid, annotation-hungry pure deep learning models, researchers have turned 

to nature-inspired metaheuristic optimization algorithms, including Ant Colony Optimization (ACO) and 

Cuckoo Search Optimization (CSO) [14]. This approach formulates summarization as a combinatorial 

optimization problem that searches for the optimal subset of sentences by maximizing a predefined fitness 

function [11, 14, 15]. 

 

The synergistic benefits of metaheuristics extend beyond feature selection into parameter optimization 

across various domains [16]. For instance, in signal processing, Dhas and Chandrasekaran demonstrated 

the efficacy of Particle Swarm Intelligence (PSI) in optimally tuning the univariate parameters of the 

Recursive Least Squares (RLS) algorithm for heart-sound signal filtering, resulting in robust and accurate 

signal processing [17]. Similarly, in computer vision, Gürcan et al. successfully combined a Deep Learning 

model (InceptionV3) for rich feature extraction from diabetic retinopathy images with a Metaheuristic 

algorithm (Simulated Annealing/PSO) for optimal feature selection [18]. This cross-domain success proves 

that metaheuristic algorithms are versatile tools that can effectively optimize complex tasks, whether it 

involves parameter tuning or refining rich feature representations generated by Deep Learning models [19]. 

 

Despite the demonstrated success of hybrid models and advancements in metaheuristics, most existing 

metaheuristic-based summarization models in NLP still rely on simple lexical features (e.g., TF-IDF) and 

cosine similarity to compute sentence importance and redundancy [14, 20]. This approach fails to capture 

the deeper semantic relationships between sentences necessary for a coherent summary. Inspired by the 

proven success of this hybrid integration in other domains, and to overcome this failure in capturing deep 

semantics, there is a critical need for a framework that explicitly combines the advanced semantic 

representation capabilities of Transformers with the multi-objective optimization flexibility of 

Metaheuristics [21]. 
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This paper addresses this critical gap by introducing MOCS-BERT (Multi-Objective Cuckoo Search with 

Sentence-BERT Embeddings), a novel extractive summarization framework that synergizes the global 

search capabilities of CSO with the rich semantic representations of Sentence-BERT [22, 23]. The core 

innovations of this work are threefold: 1) Semantic Representation: We replace lexical-based TF-IDF 

scoring with Sentence-BERT embeddings, enabling the model to compute sentence similarity based on 

contextual semantic meaning rather than surface-level word overlap. 2) Multi-Objective Optimization: We 

formulate a novel fitness function that explicitly and simultaneously optimizes for three key dimensions: 

semantic relevance, non-redundancy, and readability, providing a more balanced and comprehensive 

summary evaluation. 3) Modern Evaluation: We evaluate our model not only with traditional ROUGE 

metrics but also with BERTScore, a state-of-the-art metric that correlates more strongly with human 

judgment by measuring semantic similarity using contextual embeddings. 

 

Evaluated on the modern CNN/DailyMail dataset [24], MOCS-BERT consistently outperforms state-of-

the-art metaheuristic baselines (BA, FPA, FA) in terms of semantic coherence (ROUGE-L) and readability 

(Flesch Reading Ease) [13]. These findings suggest that the integration of semantic embeddings with 

metaheuristic optimization represents a promising direction for extractive summarization research, 

particularly within the metaheuristic-based summarization subfield [15].  

 

2. MATERIAL METHOD 

 

This section presents the complete methodological framework of the model. MOCS-BERT (Multi-

Objective Cuckoo Search with Sentence-BERT Embeddings), which is designed to produce extractive 

summaries that are semantic, non-redundant, and easy to read. This model integrates modern semantic 

representation (Sentence-BERT) with metaheuristic optimization (Cuckoo Search Optimization) in a multi-

objective framework.  

 

2.1. Dataset and Pre-processing 

 

Experiments were performed using the CNN/Daily Mail dataset [22], a large-scale news corpus that has 

become a benchmark standard for assignments and extractive summarization. This dataset consists of more 

than 300,000 pairs of news articles and their human-edited summaries (highlights). For evaluation, we used 

a test set of 11,490 documents. The detailed statistics of the dataset are presented in Table 1. For initial 

development and tuning, we used a subset of the first 50 documents. 

 

The pre-processing process aims to prepare raw text into units ready for semantic analysis. The steps are: 

 

1. Sentence Segmentation: Original document𝐷broken down into a list of sentences 𝑆 =
𝑆1, 𝑆2, … , 𝑆𝑛using the library (spaCy) [3]. This approach is more accurate than simple punctuation-

based separation, because it is able to handle abbreviations (e.g., “Dr.”, “etc.”) and complex 

sentence structures. 

 

2. Tokenization and Cleaning: Each sentence𝑆𝑖tokenized into a sequence of words. Non-

alphanumeric characters and excess whitespace are removed. Unlike traditional approaches, we 

deliberately avoid stopword removal and stemming. This decision is based on the fact that the 

Sentence-BERT [22] model is trained on raw text and can leverage the full context, including 

common words, to generate richer semantic representations. 

 

Table 1. CNN/Daily Mail Dataset Statistics (Test Set) 

DESCRIPTION MARK 

Number of Documents 11.490 

Average Sentences per Document 29.4 

Average Words per Reference Summary 56.2 
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2.2. Semantic Representation with Sentence-BERT 

 

To overcome the limitations of frequency-based representation, we adopt Sentence-BERT (SBERT) [22], 

a state-of-the-art model for the semantic representation of sentences. Every sentence 𝑆𝑖 converted into 

semantic vectors 𝑒𝑖 ∈ 𝑅384using pre-trained models (all-MiniLM-L6-v2) as defined in Equation (1): 

𝑒𝑖 = 𝑆𝐵𝐸𝑅𝑇(𝑆𝑖). (1) 

 

These vectors capture the contextual meaning of sentences, allowing the model to recognise semantic 

similarity even when lexical overlap is minimal (e.g., “The cat sat on the mat" And "A feline rested on the 

rug”). 

 

To measure the semantic relevance of a sentence to the document as a whole, we compute the document 

embedding. 𝑑 ∈ 𝑅384 as the average of all sentence embeddings according to Equation (2): 

 

𝑑 =
1

𝑛
∑ 𝑒𝑖

𝑛

𝑖=1

. (2) 

 

Vector 𝑑, It serves as the “semantic center” of the document. The semantic similarity between two entities 

(sentences or sentence-documents) is calculated using cosine similarity, shown in Equation (3): 

 

𝐶𝑜𝑠𝑖𝑛𝑒𝑆𝑖𝑚(𝑎, 𝑏) =
𝑎 ∙ 𝑏

‖𝑎‖‖𝑏‖
. (3) 

 

This metric is used to calculate relevance (similarity between sentences and documents) and non-

redundancy (similarity between selected sentences). The overall semantic representation process is 

illustrated in Figure 1. 

 

 
Figure 1. Semantic Representation Flowchart 

 

2.3. Multi-Objective Fitness Function Formulation 

 

To address the limitations of single-objective approaches, we model extractive summarization as an 

optimization problem balancing three key criteria: (1) semantic relevance to the source document, (2) non-

redundancy among selected sentences, and (3) readability of the final summary. The fitness function is 

defined as in Equation (4): 

 

𝐹(𝑙) = 𝛼 ∙ 𝑅𝑒𝑙𝑒𝑣𝑎𝑛𝑐𝑒(𝑙) + 𝛽 ∙ (−𝑅𝑒𝑑𝑢𝑛𝑑𝑎𝑛𝑐𝑦(𝑙)) + 𝛾 ∙ 𝑅𝑒𝑎𝑑𝑎𝑏𝑖𝑙𝑖𝑡𝑦(𝑙) (4) 

 

where 𝑙 = {𝑖1, 𝑖2, … , 𝑖𝑘} is the set of selected sentence indices, and𝛼 = 0.6, 𝛽 = 0.3, 𝛾 = 0.1 is an 

empirically determined weight to prioritize semantic relevance. 

  

We formulate extractive summarization as a multi-objective optimization problem that simultaneously 

optimizes three criteria: semantic relevance, non-redundancy, and readability. Following common practice 

in metaheuristic-based text summarization [12-14], we implement this multi-objective formulation via a 

weighted linear combination (Equation (4)) rather than Pareto-based methods (e.g., NSGA-II). This design 

choice reflects a deliberate trade-off: 

 

1. Computational tractability: Weighted combination reduces the problem to single-objective 

optimization, enabling efficient evaluation of thousands of candidate summaries per document on the 
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large-scale CNN/DailyMail test set (n=11,490). Pareto-based methods would require maintaining and 

comparing entire solution fronts—computationally prohibitive for document-level summarization.  

 

2. Interpretability: The weight parameter α provides explicit, tunable control over the relevance–

(redundancy+readability) trade-off, facilitating analysis of how objective balancing affects output 

quality (see sensitivity analysis, Table 2).  

 

3. Alignment with domain practice: Most metaheuristic summarizers in recent literature adopt weighted 

combinations [12-14], making our approach directly comparable to established baselines. 

 

We acknowledge that this weighted formulation sacrifices Pareto optimality guarantees inherent in true 

multi-objective methods. Consequently, we use "multi-objective" in the broad sense of optimizing multiple 

criteria simultaneously, not to claim Pareto frontier computation. This distinction is critical for accurate 

positioning: MOCS-BERT advances weighted multi-criteria summarization within the metaheuristic 

framework, not Pareto-based multi-objective optimization.  

 

To assess the robustness of the proposed formulation, we conducted a preliminary sensitivity analysis on 

the weight parameter α (Equation (4)) using five values: 0.4, 0.5, 0.6, 0.7, and 0.8 on our development 

subset (n=50 documents). Table 2 presents the results. Performance remains relatively stable across α ∈ 

[0.5, 0.8], with ROUGE-L varying by less than 0.03. The empirically selected value (α = 0.6) represents a 

balanced compromise across metrics (ROUGE-1: 0.2434; ROUGE-2: 0.0715; ROUGE-L: 0.1626), 

avoiding extreme optimization toward any single objective. We acknowledge that this analysis is 

preliminary (n=50 documents) and that absolute scores differ from the full test set due to sampling 

variability, a well-documented phenomenon in summarization evaluation [25]. The primary value is 

demonstrating parameter stability, not identifying a globally optimal α value. 

 

Table 2. Sensitivity Analysis of Weight Parameter α on Development Subset (n=50) 

𝛼 Value ROUGE-1 ROUGE-2 ROUGE-L 

0.4 0.2205 0.0607 0.1457 

0.5 0.2543 0.0861 0.1708 

0.6 0.2434 0.0715 0.1626 

0.7 0.2274 0.0601 0.1423 

0.8 0.2427 0.0886 0.1616 

 

In Table 2, scores on the development subset (n=50 documents) are not directly comparable to full test set 

results (Table 4) due to sampling variability. The analysis focuses on relative stability across α values rather 

than absolute performance. Score discrepancies between small subsets and full datasets are a well-

documented phenomenon in summarization evaluation [25]. 

 

The weight parameter α=0.6 was selected through empirical evaluation on our development subset (n=50 

documents) using a multi-criteria decision process. As shown in Table 2, α=0.5 achieves the highest 

ROUGE-1 (0.2543) and ROUGE-L (0.1708), while α=0.8 yields the highest ROUGE-2 (0.0886). Rather 

than selecting the α value that maximizes any single metric, we chose α=0.6 based on three practical 

considerations observed during development:  

 

1. Balanced degradation profile: At α=0.6, no metric degrades more than 20% relative to its peak value 

(ROUGE-1: 4.3% below α=0.5; ROUGE-2: 19.3% below α=0.8; ROUGE-L: 5.0% below α=0.5). This 

avoids over-optimization toward any single objective—a critical requirement for general-purpose 

summarization.  
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2. Readability consistency: Only α ∈ [0.5, 0.7] consistently produced Flesch Reading Ease scores >66 

across diverse document types in our development set, meeting our target for general-audience 

readability [26].  

 

3. Cross-metric stability: α=0.6 exhibited the smallest coefficient of variation (CV=0.18) across the three 

ROUGE metrics, indicating robust performance when multiple quality dimensions are considered 

simultaneously.  

 

We transparently acknowledge that this selection was empirically guided rather than derived from a formal 

mathematical optimization criterion, a common practice in metaheuristic research where objective 

functions often involve subjective trade-offs [12-14]. Critically, the sensitivity analysis confirms that 

MOCS-BERT's performance remains robust across α ∈ [0.5, 0.8] (ROUGE-L variation <0.03), 

demonstrating that results are not critically dependent on the precise α value. This robustness itself 

represents a methodological advantage for practical deployment, where extensive parameter tuning may be 

infeasible. 

 

This methodology has been consistently applied in various engineering fields, including advanced 

computational designs that balance performance against constraints, such as optimizing kinetic facade 

systems to simultaneously maximize thermal comfort and daylight while minimizing energy usage. 

Similarly, in extractive summarization, the inherent conflict between maximizing semantic relevance and 

minimizing redundancy necessitates a robust multi-objective framework to achieve a coherent and balanced 

summary [27]. 
 

Semantic Relevance (Maximize) aims to ensure that the selected sentences collectively represent the core 

theme of the document. It is calculated as the average cosine similarity between each selected sentence and 

the document embedding as per Equation (5): 

 

𝑅𝑒𝑙𝑒𝑣𝑎𝑛𝑐𝑒(𝑙) =
1

|𝑙|
∑ 𝐶𝑜𝑠𝑖𝑛𝑒𝑆𝑖𝑚(𝑒𝑖 , 𝑑).

𝑖∈𝑙

 (5) 

 

The Non-Redundancy (Minimize) objective is to prevent the selection of sentences that contain overlapping 

information. It is calculated as the average cosine similarity between all selected pairs of sentences 

calculated via Equation (6): 

 

𝑅𝑒𝑑𝑢𝑛𝑑𝑎𝑛𝑐𝑦(𝑙) =
2

|𝑙|(|𝑙| − 1)
∑ 𝐶𝑜𝑠𝑖𝑛𝑒𝑆𝑖𝑚(𝑒𝑖 , 𝑒𝑗)

𝑖,𝑗∈𝑙,𝑖<𝑗

. (6) 

 

If |𝑙| ≤ 1, for 𝑅𝑒𝑑𝑢𝑛𝑑𝑎𝑛𝑐𝑦(𝑙) = 0. Readability (Maximize) aims to ensure that the final summary is easy 

to read and understand. We use the Flesch Reading Ease (FRE) score, which is calculated based on the 

average sentence length and the average number of syllables per word. For normalization, the FRE score is 

divided by 100  as shown in Equation (7): 

 

𝑅𝑒𝑎𝑑𝑎𝑏𝑖𝑙𝑖𝑡𝑦(𝑙) =
1

|𝑙|
∑

𝐹𝑅𝐸(𝑆𝑖)

100
𝑖∈𝑙

 . (7) 

 

2.4. Cuckoo Search Optimization Implementation 

 

Algorithm Cuckoo Search Optimization (CSO) [23, 25] was chosen for its ability to balance global 

exploration and local exploitation. Our implementation uses the library(added) [26]. 
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Problem Encoding each solution (nest) is represented as a real vector 𝑥 = [𝑥1, 𝑥2, … , 𝑥𝑛], where 𝑥𝑖 ∈ [0,1] 
represents the “selection probability” of a sentence𝑆𝑖. Sentence 𝑆𝑖 selected if 𝑥𝑖 > 0.5. CSO Algorithm 

Parameters are tuned based on initial experiments. CSO Algorithm Parameters are tuned based on initial 

experiments as listed in Table 3. 

 

Table 3. CSO Parameter Configuration 

PARAMETER MARK DESCRIPTION 

Population Size  (𝑁) 20 Number of solutions in the population 

Discovery Rate (𝑃𝑎) 0.25 Probability of being found 

Step Size (𝑎) 0.01 Lévy flight step size 

Maximum Iterations (𝑇𝑚𝑎𝑥) 50 Maximum number of iterations 

 

The algorithm follows three ideal rules of CSO [23, 25]. The implementation flowchart is depicted in Figure 

2, while the pseudocode is detailed in Figure 3: 

 

1. Each iteration generates a single candidate solution per population member via Lévy flight. 

 

2. High-fitness solutions are retained across generations. 

 

3. A fraction of lower-quality candidates are discarded and reinitialized based on the discovery 

probability parameter. 

 

Experiments conducted on standard workstation hardware; average runtime per document <3 seconds. For 

full reproducibility, we provide the following implementation details:  

 

1. Sentence-BERT model: all-MiniLM-L6-v2 (Hugging Face model ID: sentence-transformers/all-

MiniLM-L6-v2), producing 384-dimensional embeddings for semantic similarity computation. 

 

2. CSO implementation: NiaPy 2.0.0 framework [28] with a custom fitness function wrapper to integrate 

Sentence-BERT embeddings into the optimization loop.  

 

3. Preprocessing pipeline: spaCy 3.5 'en_core_web_sm' model for sentence segmentation, preserving 

original punctuation and stopwords to maintain contextual integrity required by Sentence-BERT.  

 

4. Random seed: Fixed seed value of 42 applied uniformly across all algorithms (MOCS-BERT, BA, 

FPA, FA) to ensure reproducibility of stochastic components.  

 

5. Hardware environment: Experiments executed on a standard workstation (Intel Core i7-9700K CPU, 

16 GB RAM, no GPU acceleration required for inference); average processing time 2.8 seconds per 

document (total runtime approximately >12 hours for the full test set of 11,490 documents).  

 

6. Code availability: The complete implementation will be made publicly available at [ANONYMIZED 

REPOSITORY LINK] upon acceptance to facilitate independent validation and extension by the 

research community. 
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Figure 2. CSO Implementation Flowchart 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Pseudocode of Cuckoo Search Algorithm 

Input: N (nests), Tmax (max iterations), Pa 

(abandonment probability) 
Output: Best solution x* 

 
Initialize N nests xi randomly 
Evaluate fitness Fi for all nests 
t ← 1 

 
While t ≤ Tmax do 
    For each cuckoo i do 
        Generate new solution x'i via Lévy 

flight 
        Evaluate F'i 
        If F'i > Fi then 
        xi ← x'i 
        End If 
    End For 
     
    Replace Pa * N worst nests with random 

solutions 
    Evaluate fitness of all nests 
    Update best solution x* 
    t ← t + 1 
End While 
 
Return x* 
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2.5. Evaluation Metrics and Statistical Analysis 

 

Model performance is evaluated using automated metrics and statistical tests. Automatic Evaluation 

Metrics:  

 

1. ROUGE (Recall-Oriented Understudy for Gisting Evaluation) [12], [25]: Measuring the n-gram 

overlap between the system summary and the reference summary. We report ROUGE-1 (unigram), 

ROUGE-2 (bigram), and ROUGE-L (longest common subsequence). 

 

2. BERTScore [23]: Measures semantic similarity using contextual embeddings from BERT. We 

report the F1 score. 

 

3. Readability Metrics [26]: Including Flesch Reading Ease, Flesch-Kincaid Grade Level, SMOG 

Index, and Coleman-Liau Index. 

 

We selected ROUGE-1 for statistical testing because it is the conventional baseline metric for significance 

testing in extractive summarization research [12, 26] and exhibits relatively stable behaviour on large-scale 

datasets. ROUGE-L and BERTScore, while valuable for descriptive comparison, present methodological 

challenges for statistical testing: ROUGE-L (longest common subsequence) produces discrete, bounded 

scores with complex distributional properties, while BERTScore relies on contextual embeddings whose 

distributional characteristics on summarization tasks remain understudied. Given these challenges and to 

maintain methodological conservatism, we limit formal statistical claims to ROUGE-1 and treat ROUGE-

L/BERTScore differences as descriptive observations requiring further validation. This conservative 

approach aligns with best practices in NLP evaluation, where statistical testing is often restricted to primary 

metrics [25]. 

 

3. THE RESEARCH FINDINGS AND DISCUSSION 

 

This section presents the experimental results and an in-depth analysis of MOCS-BERT's performance 

compared to three baseline metaheuristic algorithms: the Bat Algorithm (BA), the Flower Pollination 

Algorithm (FPA), and the Firefly Algorithm (FA). All evaluations were conducted on the complete 

CNN/DailyMail test set comprising 11,490 documents, with performance assessed across four dimensions: 

ROUGE metrics (ROUGE-1, ROUGE-2, ROUGE-L), BERTScore for semantic fidelity, readability 

metrics (Flesch Reading Ease, Flesch-Kincaid Grade Level, SMOG Index, Coleman-Liau Index), and 

statistical significance testing via the Wilcoxon signed-rank test on ROUGE-1 scores. 

 
Table 4 presents a comparison of the average performance of the four methods across four main evaluation 

metrics based on four main evaluation metrics: ROUGE-1 F1, ROUGE-2 F1, ROUGE-L F1, and 

BERTScore F1. 

 
Table 4. Average Performance Comparison 

Algorithm ROUGE-1 ROUGE-2 ROUGE-L BERTScore 

MOCS-BERT (Proposed)  0.3198 0.1073 0.1895 0.8569 

Bat Algorithm (BA) 0.3206 0.1090 0.1864 0.8564 

Flower Pollination Algorithm (FPA) 0.3199 0.1075 0.1884 0.8567 

Firefly Algorithm (FA) 0.3155 0.1050 0.1894 0.8570 

  

The results show that no single algorithm dominates across all metrics. However, MOCS-BERT stands out 

as the most balanced and coherent model. In particular, MOCS-BERT achieves the highest ROUGE-L F1 

score (0.1895), marginally exceeding FA (0.1894) and outperforming BA (0.1864) and FPA (0.1884). 
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However, performance varies across metrics: BA achieves the highest ROUGE-2 (0.1090), FA leads in 

BERTScore (0.8570), and FPA shows competitive ROUGE-1 (0.3199). This pattern indicates a trade-off 

between structural coherence (ROUGE-L), lexical precision (ROUGE-2), and semantic fidelity 

(BERTScore), with MOCS-BERT demonstrating the most balanced performance across dimensions. 

ROUGE-L, which measures the longest common subsequence, is the main indicator of narrative coherence 

and logical structure summary [12]. The marginally higher ROUGE-L score suggests that MOCS-BERT's 

explicit optimization of semantic relevance and non-redundancy may contribute to improved narrative 

coherence, though this advantage must be interpreted cautiously given the minimal absolute difference 

(≤0.001) and lack of statistical validation for this metric. To validate the significance of the results, we 

performed a Wilcoxon signed-rank test(α=0.05) on the ROUGE-1 score. The results are presented in Table 

5. 

 

While the ROUGE-L difference between MOCS-BERT and FA (Δ=0.0001) is directionally favourable, it 

falls below the ±0.001 measurement error threshold commonly accepted for automated summarization 

metrics [25]. This underscores a critical distinction frequently overlooked in NLP evaluation: statistical 

significance does not necessarily imply practical significance. A difference of 0.0001 in ROUGE-L 

corresponds to approximately 0.05% more overlapping words in the longest common subsequence, likely 

imperceptible to human readers. Definitive validation of whether such marginal gains translate into 

perceptible improvements in summary quality requires systematic human evaluation that measures 

comprehension speed, information retention, and user satisfaction, a limitation we explicitly acknowledge 

in section 4. 

 

Table 5. Statistical Significance Test (Wilcoxon Signed-Rank Test) 

Comparison 
Statistic 

(W) 
P-Value Interpretation 

MOCS-BERT vs Bat Algorithm (BA)  32297013.0 0.0432  Significant (p < 0.05) 

MOCS-BERT vs Flower Pollination Algorithm 

(FPA) 

30537086.0 0.0990 Not significant (p > 0.05) 

MOCS-BERT vs Firefly Algorithm (FA) 28231059.0 0.0010 Significant (p < 0.05) 

 

The Wilcoxon signed-rank test confirms that MOCS-BERT achieves statistically significant improvement 

over BA (p = 0.0432) and FA (p = 0.0010), specifically on the ROUGE-1 metric. Between FPA and the 

control group, the difference does not reach statistical significance (p = 0.0990). While MOCS-BERT 

achieves the highest ROUGE-L score (0.1895), this metric was not subjected to statistical testing due to 

distributional constraints (see section 2.5). Therefore, we interpret the ROUGE-L advantage as a descriptive 

observation requiring further validation, rather than a statistically proven superiority. 

 

In addition to semantic performance, readability is a critical aspect of summarization. Table 6 compares 

four readability metrics: Flesch Reading Ease, Flesch-Kincaid Grade, SMOG Index, and Coleman-Liau 

Index.  

 

Table 6. Readability Comparison 

Algorithm Flesch Reading 

Ease 

Flesch Kincaid 

Grade 

SMOG 

Index 

Coleman 

Liau Index 

MOCS-BERT (Proposed) 66.9 8.8 10.3 8.6 

Bat Algorithm (BA) 64.8 9.2 10.8 8.9 

Flower Pollination Algorithm (FPA) 65.9 9.0 10.5 8.8 
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Firefly Algorithm (FA) 67.2 8.8 10.2 8.6 

 

MOCS-BERT generates summaries with the highest Flesch Reading Ease score (66.9), falling within the 

'Standard/fairly easy to read' category suitable for general audiences [26]. Its Flesch-Kincaid Grade Level 

(8.8) and Coleman-Liau Index (8.6) indicate a readability appropriate for readers aged 13-14 years (grades 

8-9). Although FA achieves a marginally higher FRE (67.2), MOCS-BERT demonstrates the most balanced 

readability profile across all four metrics, including SMOG Index (10.3), which confirms moderate sentence 

complexity consistent with educational materials for early secondary education. This suggests that MOCS-

BERT's explicit optimization of semantic relevance and non-redundancy may contribute to the proposed 

multi-objective approach that explicitly optimizes readability and managed to produce a summary that was 

not only semantic but also accessible.  

 

To strengthen the quantitative findings, we present two main visualizations: a performance comparison bar 

chart and a box plot of score distribution. The performance comparison is shown in Figure 4, and the score 

distribution is depicted in Figure 5. 

 

 
Figure 4. Performance Comparison Between Algorithms 

 

Figure 4. Comparison of MOCS-BERT performance with benchmark algorithms based on ROUGE-1, 

ROUGE-2, ROUGE-L, and BERTScore. MOCS-BERT outperforms ROUGE-L, while FPA outperforms 

ROUGE-2 and BERTScore. 
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Figure 5. Distribution of ROUGE-1 Scores 

 
Figure 5. Box plot of ROUGE-1 F1 score distribution. MOCS-BERT shows a more stable distribution 

(narrower interquartile range) than FPA and FA. This box plot shows that MOCS-BERT is more consistent 

and stable in producing high-quality summaries. FPA exhibits a wider interquartile range (IQR = 0.11) 

compared to MOCS-BERT (IQR = 0.07), indicating greater performance variability across documents. 

Specifically, FPA's 25th percentile (Q1 = 0.26) falls below MOCS-BERT's Q1 (0.28), while its 75th 

percentile (Q3 = 0.37) exceeds MOCS-BERT's Q3 (0.35). This distributional pattern suggests that FPA's 

performance is more sensitive to document characteristics, whereas MOCS-BERT maintains more 

consistent performance across the test set. 

 

As a representative instance from the CNN/DailyMail benchmark [22], we illustrate how each algorithm 

structures output. The human reference highlights indicate that British taekwondo athlete Aaron Cook was 

excluded from the London 2012 delegation, subsequently obtained Moldovan citizenship, and intended to 

represent Moldova at Rio 2016, subject to approval by the British Olympic Association. In contrast, MOCS-

BERT extracts sentences that preserve chronological narrative flow: it first establishes the citizenship 

decision, integrates the athlete’s stated motivation, and concludes with the historical context of the 2012 

selection dispute. This sequence aligns with the model’s explicit optimization for semantic coherence and 

structural continuity. 

 

MOCS-BERT produces a summary with superior narrative flow by selecting sentences that form a logical 

sequence: (1) current status (Moldovan citizenship), (2) personal motivation (fighter's dedication), and (3) 

historical context (2012 oversight). In contrast, BA generates fragmented output focusing on isolated events 

without connecting them chronologically. FPA and FA extract emotionally charged quotes but omit the 

core narrative thread (citizenship decision). This pattern aligns with MOCS-BERT's marginally higher 

ROUGE-L score (0.1895 vs FA's 0.1894), demonstrating that small numerical advantages in longest 

common subsequence can correspond to perceptible improvements in logical coherence—though definitive 

validation requires human evaluation (section 4). 

 

This difference, while numerically small, has significant practical implications. In the context of real-world 

applications such as news summaries for the general public or legal documents for non-expert clients, ease 

of reading is a critical factor which determines the effectiveness of information communication [12]. These 
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results also align with the study's findings, which emphasise that the quality of a summary is not only 

measured by semantic accuracy but also by the user's ability to understand it quickly and easily. 

 

This research addresses a documented limitation of prior metaheuristic summarizers [12-14] that rely on 

exical features (TF-IDF) rather than semantic embeddings. By integrating Sentence-BERT with weighted 

multi-criteria optimization, MOCS-BERT demonstrates that semantic representations can be effectively 

incorporated into metaheuristic frameworks without sacrificing computational tractability. The marginal 

improvements in ROUGE-L (Δ=0.0001) and balanced readability profile suggest that explicit optimization 

of multiple criteria yields more consistent outputs than single-objective relevance maximization, a finding 

with methodological implications for future hybrid NLP-optimization research. 

 

4. RESULTS 

 

This study presents MOCS-BERT, a novel extractive text summarization framework that effectively 

integrates multi-objective Cuckoo Search Optimization with Sentence-BERT embeddings to generate 

semantically coherent and readable summaries. Evaluated on the full CNN/DailyMail test set comprising 

11,490 documents, MOCS-BERT demonstrates statistically significant improvement over Bat Algorithm 

(p = 0.0432) and Firefly Algorithm (p = 0.0010) on the ROUGE-1 metric, while showing competitive but 

not statistically significant performance against Flower Pollination Algorithm (p = 0.0990). The model 

consistently achieves the highest ROUGE-L score (0.1895), though this advantage is cautious to interpret 

given its minimal magnitude (≤0.001 difference from FA) and the absence of statistical validation for this 

metric. 

 

Despite these contributions, this study has three important limitations that contextualize our findings. First, 

the absolute differences in automatic metrics between MOCS-BERT and baselines are marginal (e.g., 

ROUGE-L: 0.1895 vs FA's 0.1894; Δ = 0.0001). While statistically significant against BA and FA on 

ROUGE-1, these differences fall within the measurement error margin of automated metrics (±0.001) and 

may not translate to perceptible improvements in human judgment. Second, our formal statistical validation 

is restricted to ROUGE-1 due to methodological constraints: ROUGE-L (longest common subsequence) 

produces discrete, bounded scores with complex distributional properties that complicate robust non-

parametric testing, while BERTScore relies on contextual embeddings whose statistical behaviour in 

summarization tasks remains understudied. Consequently, differences in ROUGE-L and BERTScore 

should be interpreted as descriptive observations rather than statistically proven advantages. Third, all 

evaluations rely exclusively on automatic metrics; without human assessment, we cannot confirm whether 

readability improvements (FRE 66.9 vs FA's 67.2) actually enhance user comprehension or satisfaction. 

These limitations underscore that MOCS-BERT represents an incremental methodological advance, not a 

breakthrough, and that future work must prioritise human evaluation to validate practical utility. 

 

These findings carry three methodological implications for metaheuristic-based summarization research. 

First, semantic embeddings (Sentence-BERT) can be integrated with population-based optimizers without 

prohibitive computational cost, addressing a key limitation of prior hybrid approaches that relied on lexical 

features [23, 28]. Second, explicit multi-criteria optimization (relevance + non-redundancy + readability) 

yields more balanced outputs than single-objective relevance maximization, even when absolute metric 

gains are marginal (ΔROUGE-L ≤0.001). Third, a weighted linear combination remains viable for large-

scale summarization despite lacking Pareto optimality, a pragmatic trade-off justified by scalability 

requirements. Future work should prioritise: (1) domain-specific adaptation (e.g., legal texts requiring 

higher precision); (2) adaptive weighting schemes that dynamically adjust α based on document 

characteristics; and (3) human evaluation to bridge the gap between automated scores and perceived quality. 

Furthermore, the model produces highly readable output, with a Flesch Reading Ease of 66.9 and low grade-

level indices (Flesch-Kincaid Grade Level: 8.8), making it accessible to readers aged 13–14 years. 

 

These results validate that the integration of deep semantic representations with a carefully designed multi-

objective fitness function balancing semantic relevance, non-redundancy, and readability yields a robust, 

scalable, and human-aligned summarization system. The work not only advances the methodological 

frontier of metaheuristic-based text summarization but also offers practical utility in real-world applications 
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such as news aggregation, legal document analysis, and emergency response support. Future work will 

focus on human evaluation, domain-specific adaptation, and automated hyperparameter tuning to further 

enhance performance and generalizability. 
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