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Abstract: Hybrid education learning integrates the online and physical instruction where student learning 

behaviors influence the educational outcomes. Accordingly, the number of universities is integrated to 

enhance the student performance, engagement and learning patterns. However, the complexity model 

makes it difficult to perform interpretability analysis for accurate sentiment classification with lesser error 

rate. In order to further improve the accuracy of classification and minimize the error, SEquential 

Learning with Agnostic eXplainable AI (SEL-AgXAI) technique is developed. The key objective of SEL-

AgXAI technique is to enhance the classification accuracy with minimum error rate. SEL-AgXAI 

technique utilizes sequential extreme learning network with five different layers, namely one input layer, 

one output layer and four hidden layers. In sequential extreme learning, number of social media data is 

given to input layer. After that, the collected data are transmitted to the first hidden layer. In that layer, 

text pre-processing is carried out in proposed SEL-AgXAI technique to handle the tokenization, stop 

word removal and word stemming. Then, pre-processed social media texts are transmitted to the second 

hidden layer. In that layer, krill herd optimized feature extraction process is carried out in proposed SEL-

AgXAI technique to select the keywords for minimizing the time consumption of sentiment classification. 
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After the feature extraction, Tamas correlation coefficient is employed in proposed SEL-AgXAI 

technique at third hidden layer for sentiment classification. After sentiment classification, fine tuning 

process is carried out using stochastic adaptive gradient function in fourth hidden layer. After that, 

Explainable AI (XAI) model is used in proposed SEL-AgXAI technique to carry out interpretability 

analysis and to identify input keywords that influence the final sentiment classification by Local 

Interpretable Model-agnostic Explanations (LIME) mechanism. This in turn, accurate influence factor 

analysis is carried out through eXplainable AI (XAI) model. XAI reduce false positives and increase the 

model ability to correctly identify negative and neutral sentiments for improving specificity. From the 

analysis, hybrid education learning is recommended for enhancing the flexibility, improving student 

engagement by combining the benefits of both in-person and remote instruction. Experimental evaluation 

considers factors such as sentiment classification accuracy, precision, recall, f1-score, specificity, and 

sentiment classification time with respect to the number of social media data.   

 

Keywords: hybrid education learning, Tamas correlation coefficient, sequential extreme learning, 

sentiment classification 

 

1. INTRODUCTION 

Education data mining (EDM) is concerned with computerized application to determine 

the patterns in educational datasets. EDM is used to analyze large quantity of data in educational 

application. EDM is employed to analyze the data generated by information system related to the 

learning and education. Arithmetic Optimization Algorithm-Hunger Games Search (AOA-HGS) 

optimized Ensemble Multi-scale Residual Attention Network (EMRA-Net) technique was 

introduced in [1] to discover modal correlation for multimodal sentiment analysis. But, the 

classification accuracy was not enhanced by EMRA-Net technique. A sentiment majority voting 

classifier (SMVC) was introduced in [2] for sentiment classification of tweets. SMVC attained 

final sentiment analysis from TextBlob, valence-aware dictionary and sentiment reasoner 

(VADER) and AFINN through majority voting mechanism. But, the classification time was not 

reduced by SMVC. 

An ensemble Bidirectional Long Short-Term Memory (enBi-LSTM) was designed in [3] 

for context based semantic detail and relation among words in tweet sequence. However, the 

computational cost was not minimized by enBi-LSTM. A higher educational institution 

promotional management support system was introduced in [4] through sentiment analysis for 

improving the marketing capabilities. Turkish text sentiment analysis methodology was 

introduced in [5] for addressing the people satisfaction with Turkish Universities. The hybrid 

model joined computational methodologies to enhance the understanding. But, the time 

complexity was not reduced by designed methodology. 
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 A hybrid approach was introduced in [6] with pre-processing, feature extraction and 

sentiment classification. The pre-processing stage removed the undesirable data from text 

reviews. The designed approach was used for distinctive hybrid feature vector in proportion to 

each review. PLASA was introduced in [7] to categorize the sentiment polarity of comments 

with barrages. PLASA employed collaborative attention module with information about relative 

position and knowledge to regulate relationship between word representations. However, the 

precision level was not improved by PLASA. 

A hybrid deep learning model was introduced in [8] with Hybrid Dilated Convolutional 

Neural Networks (HyDCNN) and Long Short-Term Networks (LSTNet). The designed model 

enhanced the accuracy and interpretability. An advanced deep learning technique was introduced 

in [9] to extract the sentiment from course evaluation. Bidirectional Encoder Representations 

from Transformers (BERT) was introduced with the language model in understanding context 

and semantic meaning. But, the time complexity was not reduced by BERT. 

 A nuance control mechanism was introduced in [10] with selective paraphrasing process 

to protect the sentiment intensity and polarity. Large language models (LLMs) against ChatGPT-

4 and human annotators was introduced in [11] through sentiment analysis and emotion 

classification for Indonesian tweets. A transformer-based model termed BertSent was introduced 

in [12] for transformer based tokenization and optimization. But, the computational complexity 

was not minimized by BertSent. 

A multimodal dual cause analysis (MDCA) method was designed in [13] to track the 

expressed sentiments. MDCA addressed reasoning cause (RC) and direct cause (DC) for 

improving the sentiment prediction accuracy. Though prediction accuracy was improved, the 

computational cost was not reduced. An explainable sentiment analysis (XSA) framework was 

designed in [14] with local interpretable model-agnostic explanations (LIME) and counterfactual 

explanations. But, the complexity level was not minimized by XSA framework. A weakly 

supervised learning framework was designed in [15] with GPT-3.5 and pre-trained language 

model to create the high-quality labeled data through Snorkel framework. However, the accuracy 

level was not improved by designed model. 

 The issues identified from the above literature are lesser sentiment classification 

accuracy, higher classification time, lesser precision, lesser recall, lesser f1-score, higher 
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computational cost, higher computational complexity and so on. In order to address the above 

mentioned issues, a new technique called SEL-AgXAI technique is introduced. 

 

1.1 Novel contributions 

 SEL-AgXAI technique is introduced with new contributions for addressing the existing 

problems: 

 To improve the sentiment classification accuracy, the SEL-AgXAI technique is introduced with 

lesser time consumption based on the four steps namely text preprocessing, keyword extraction, 

classification and fine tuning. 

 To improve the sentiment classification accuracy, the SEL-AgXAI technique executes the text 

preprocessing step with tokenization, stop word removal and stemming. On the contrary to the 

existing technique, the SEL-AgXAI technique uses SentencePiece tokenizer, partial correlated 

stop word removal and Krovetz stemmer for efficient text pre-processing. 

 To reduce the time complexity, Krill Herd Optimized Keyword Extraction is carried out in 

proposed SEL-AgXAI technique. The krill herd optimization process extracts the keywords for 

efficient sentiment analysis.  

 To enhance the classification accuracy, Tamas matching coefficient is used in proposed SEL-

AgXAI technique to perform the sentimental analysis with help of extracted keywords as 

positive, negative, or neutral. The SEL-AgXAI technique uses stochastic adaptive gradient 

function for fine tuning process with minimum error value.  

 To identify the input keywords for final sentiment classification by LIME mechanism, 

Explainable AI (XAI) model is used in proposed SEL-AgXAI technique for interpretability 

analysis.  

 Finally, extensive experimental evaluation is carried out to estimate the performance of proposed 

SEL-AgXAI technique and other related works. The experimental result exhibits that proposed 

SEL-AgXAI technique is analyzed with the various performance metrics with number of tweet 

samples. 

 

1.2 Organization of the paper 

 The organization of this paper is: Section 2 reviews the related work in the domain. 

Section 3 introduces the proposed SEL-AgXAI technique with corresponding workflow diagram. 
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Section 4 outlines the experimental configuration with dataset description. Section 5 discusses 

the comparative analysis using performance metrics. Finally, Section 6 summarizes the findings 

and concludes the paper. 

 

2. RELATED WORKS 

 A self-attention mechanism was designed in [16] depending on relative position to 

simulate the words. Though precision level was improved, time complexity was not minimized 

by designed mechanism. A CNN-LSTM deep neural network was introduced in [17] to forecast 

the stock price movement with LSTM and GRU model. But, the recall was not improved by 

CNN-LSTM deep neural network. 

 A new fully automated algorithm was designed in [18] depending on artificial 

intelligence (AI) and natural language processing (NLP) for location-oriented public sentiment 

extraction. However, the specificity was not improved by fully automated algorithm. BERT 

model was introduced in [19] for sentiment analysis on textual data with ChatGPT. BERT model 

enhanced the machine learning performance towards human language interaction. But, the 

accuracy level was not enhanced by BERT model. 

 A neural model was introduced in [20] for sentiment analysis of social network texts. 

However, the computational complexity was not reduced by designed model. A hyperparameter 

tuning framework and stemming algorithm was introduced in [21] to compute polarity scores of 

tweets. However, the precision level was not improved by designed framework. 

 A comprehensive sentiment corpus termed AsanteTwiSenti was introduced in [22] with 

corpus construction. But, the recall was not improved by AsanteTwiSenti. A hybrid deep 

learning framework was introduced in [23] to improve the sentiment classification accuracy. 

Though classification accuracy was improved, the time complexity was not reduced. 

 An in-depth sentiment analysis was carried out in [24] for ChatGPT-generated tweets 

through Natural Language Processing (NLP) technique to perform brand reputation management 

and public opinion analysis. However, the classification precision was not improved by designed 

sentiment analysis. Explainable technique was introduced in [25] to analyze the words related to 

energy, gender, politics, age, ethnicity for sentiment analysis. But, the sentiment classification 

accuracy was not improved by designed technique. 
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 Scalable Vortex Search-tuned Intelligent Adaptive Boosting (SVS-IAda Boost) model 

was introduced in [26] for improving the sentiment classification performance. But, the 

classification accuracy was not improved by SVS-IAda Boost model. A new approach was 

introduced in [27] to improve the sentiment classification performance with feature subset. 

However, the computational cost was not minimized by designed approach. 

Capsule_Convolutional Neural Network (Capsule_CNN) was designed in [28] for depression 

identification with review data. But, the accuracy level was not improved during sentiment 

classification. 

 The deep transfer learning was carried out in [29] for sentiment analysis of social 

network data. AHDT model was employed with pre-trained deep neural network to train the 

social data. However, the computational complexity was not reduced by deep transfer learning. 

An embedding framework was introduced in [30] to gather the emotional occurrences in text. 

The designed framework was employed to compute the interdependencies between emotion 

states with document. But, the time complexity was not minimized by designed framework.  

 

3. METHODOLOGY 

 Educational data mining (EDM) is the sub-field of data mining in the educational 

application. EDM is employed to categorize, examine and forecast the student academic 

performance and dropout rate for improving the teaching and learning process. EDM is 

considered as a key research area in recent years. Sentiment analysis in EDM is the process of 

identifying and categorizing the emotions, attitudes or opinions in text data, namely social media 

posts like Twitter, Facebook, Reddit, Instagram, or YouTube. The conventional educational data 

mining techniques performed the sentiment classification labels, namely positive, negative, or 

neutral using social media data. But, the classification performance was not enhanced during the 

sentimental analysis. Therefore, a novel technique termed SEquential Learning with Agnostic 

eXplainable AI (SEL-AgXAI) technique is developed. The main objective of SEL-AgXAI 

technique is to perform efficient sentiment classification through sequential extreme learning and 

Agnostic eXplainable artificial intelligence with high accuracy and minimum consumption.  
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Figure 1 Architecture Diagram of SEL-AgXAI technique 

 

The overall process of SEL-AgXAI technique is illustrated in the figure 1. The proposed 

SEL-AgXAI technique is divided into four phases, namely text data acquisition, text pre-

processing, keyword extraction and classification. The four phases are employed to categorize 

the twitter text samples into sentiment classes, namely positive, negative or neutral. This section 

explains the proposed SEL-AgXAI technique in detail to classify the texts into different class 

groups in accurate manner. 

 

3.1 Sequential Learning with Agnostic Explainable AI 

The proposed SEL-AgXAI technique utilizes the sequential extreme learning classifier with six 

different layers, namely one input layer, one output layer and four hidden layers. The sequential 

extreme learning model is a neural network with multiple layers of hidden nodes for 

classification of the sentiments. Sequential extreme learning presents better sentiment 

classification performance at extremely faster speed. Consequently, the proposed SEL-AgXAI 

technique performs efficient sentiment classification with high accuracy and minimum time 

consumption. 

The structure of the Sequential Extreme Learning Network is illustrated in figure 2.   
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Figure 2 Sequential Extreme Learning Network Architecture 

 

Figure 2 illustrates the architecture diagram of extreme learning network architecture with input 

layer, one or more hidden (middle) layers, and an output layer.  The layer comprises the neuron 

to transfer the number of tweet samples between the layers.  Three hidden layers are employed 

for text pre-processing, keyword extraction, classification and fine tuning respectively. Finally, 

the output layer provides the final sentiment classification outcomes. 

 

3.1.1 Text Data Acquisition 

 In SEL-AgXAI technique, the text data collection is the first process used to group the 

social media data for sentiment analysis in hybrid education learning. Particularly, the tweets in 

online and offline learning are considered as the main data sources. In the online learning 

dataset, sentiment data is collected from GitHub repository 

https://github.com/Bhasfe/distance_learning. The dataset comprised tweets that express different 

opinions and emotions regarding the distance education. The dataset served as the valuable 

resource for examining the public sentiment in online learning environments. For offline 

learning, sentiment data is gathered from https://github.com/saadbinmanjur/Kaggle-Competition-

Sentiment-Analysis-on-Twitter-tweets. This dataset comprises the Twitter posts with traditional 

and in-person learning experiences. The dataset gathers the user attitudes and results toward 

https://github.com/Bhasfe/distance_learning
https://github.com/saadbinmanjur/Kaggle-Competition-Sentiment-Analysis-on-Twitter-tweets
https://github.com/saadbinmanjur/Kaggle-Competition-Sentiment-Analysis-on-Twitter-tweets
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offline educational method. The above two datasets are used for performing the sentiment 

analysis of SEL-AgXAI technique across different learning modalities.  

 

3.1.2 Text Pre-processing  

Text pre-processing is the second process step used to clean the text data for performing 

efficient classification analysis. In text pre-processing task, tokenization, stop word removal and 

word stemming process is carried out in SEL-AgXAI technique. The proposed technique uses 

SentencePiece tokenization to partition the input tweets into individual tokens. SentencePiece 

tokenizer is used to divide the text with punctuation and spaces. SentencePiece tokenization 

process is formulated as,  

   

   
→   [„   ‟, „   ‟, „   ‟, „   ‟,…. „   ‟]            (1) 

 From (1), „   ‟ symbolizes the tweets sample. „„   ‟, „   ‟, „   ‟, „   ‟…„   ‟‟ 

denotes the words extracted from the tweets. After tokenization process, the stop word removal 

is carried out to eliminate the regular words without meaning. The stop word removal process is 

carried out to minimize the size and perform task in the faster rate. 

 

 The stop word removal is employed in proposed SEL-AgXAI technique to detect the 

stop words for performing the sentimental analysis. The stop words are removed to reduce the 

text data sample size and to extract the more important words for efficient analysis. The 

proposed SEL-AgXAI technique uses the list of stop words file for examining the words in given 

input tweets samples. The partial correlation is employed to compute the similarity between 

words in tweets and list of stop words. The number of words considered as „   ‟, „   ‟, „   ‟, 

„   ‟…. „   ‟ in the tweet samples „   ‟ and stop words lists „       ‟.  
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Figure 3 Partial Correlation Analysis 

 

Figure 3 illustrates the partial correlation analysis in proposed SEL-AgXAI technique. 

The partial correlation analysis is computed depending on correlation between the words and 

mean. It is mathematically formulated as,  

              
∑                    

 
                                    (2) 

 From (2), „             ‟  represent partial correlation between words from tweets 

„   ‟ and „   ‟. „   ‟ denotes the mean frequency of word „   ‟  and „   ‟ indicates the 

mean frequency of word „   ‟. The words with high correlation are denoted as the stop word. 

Or else, the words are identified as not stop word. Lastly, the identified stop words are removed 

from the tweet samples.  

 

Krovetz stemmer functioned on tokens after stop word removal to find the stem forms. 

Word stemming is a process employed in proposed SEL-AgXAI technique to minimize the 

words based on their root form through eliminating their suffixes. The word stemming process is 

described as, 

                                                 (3) 

 From (3), „      ‟ represent the original words after stop word removal. „      ‟ 

symbolizes the root word. „     ‟ denote the stem words. The stem word removal algorithm 

eliminates the suffix from original word „      ‟ and keeps only the root word „      ‟. The 

root word symbolizes the base form of word. The root word helps in clustering diverse variations 

of similar word together. It is formulated as, 

                                                (4) 
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From (4), the root word is identified. The word stemming algorithm in proposed SEL-

AgXAI technique eliminated the stem „      ‟ to obtain the root word „      ‟. This in turn, 

the text preprocessing is carried out in proposed SEL-AgXAI technique. The preprocessed text is 

sent to next layer for efficient keyword extraction.  

 

3.1.3 Keyword Extraction 

 Keyword extraction is the second process employed for identifying the important 

keywords in tweets. The keyword extraction process minimized the computational complexity in 

online and offline education learning in social media. The proposed SEL-AgXAI technique uses 

krill herd optimization algorithm to extract keywords from pre-processed dataset. Krill herd 

optimization is a nature-inspired meta-heuristic algorithm. The krill herd optimization mimics 

the krill herd behavior of searching food source. Krill herd optimization provides the additional 

benefits namely global optimization and improved efficiency. The krill herd optimization process 

generates the initial population of krills.  The population initialization process is carried out by, 

                                       (5) 

 From (5), „   ‟ symbolizes the tweet samples. „ ‟ indicates the number of words in 

tweet samples. After population initialization process, the fitness function is determined for 

every krill herds in current population. The radial basis function computes the related word 

appearance in given tweet samples. The radial basis function is a numerical technique to 

determine the similarity between words. The radial basis function is formulated as, 

       [ 
|         |

 

   ]                          (6) 

             {
                                  
                                   

               (7) 

 

From (6) and (7), „   ‟ represent the radial basis function. „   ‟ denotes the related 

word appearance frequency in given tweet. „     ‟ symbolizes the average frequency of word in 

given tweet samples. „ ‟ indicates the deviation. When related word appearance frequency of 

word in given tweet sample is lesser than average frequency, the word is not selected as the 

keyword. When the relative appearance frequency of word in given text is higher than average 

frequency, the word is chosen as the keyword. By this way, the relevant keywords are selected 

for classification process and irrelevant keywords are removed. After that, the current best krill is 
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selected from population depending on the fitness value. The three different behaviors namely 

influence of krill individuals, searching food source and random diffusion are carried out through 

lagrangian model. It is given by, 

                           
   

  
                                              (8) 

 From (8), „
   

  
‟ represent the Lagrangian model. „ ‟ symbolizes the influence of krill 

individuals. „ ‟ denotes food source searching behavior. „ ‟ represent the random diffusion. The 

influence krill behaviors is formulated as,   

                                                                         (9) 

 

              From (9), „ ‟ represent the krill motion induced by additional krill. „      ‟ symbolizes 

maximum velocity. „ ‟ denotes the inertia weight value varying between (0,1). „ ‟ symbolizes 

the krill affected by induction direction of neighbors. „       ‟ represent the induced 

movement. It is formulated as, 

                                           (10) 

 

 From (10), „ ‟ denotes the food source searching behavior. „     ‟ indicates the 

maximum foraging speed. „     ‟ symbolizes the foraging direction. „  ‟ represent inertia 

weight of foraging movement ranging from 0 to 1. The random diffusion is given as,  

         (  
                 

                 
)               (11) 

 

 From (11), „  ‟ represent random diffusion behavior. „    ‟ symbolizes the maximum 

random diffusion speed. „   ‟ represent the random diffusion direction.  Finally, the krill 

position gets updated depending on the estimated behaviors. It is given as, 

          
   

  
   ∑(             )          (12) 

From (12), „     ‟ symbolizes the newly updated position. „   ‟ denotes the current 

position of krill. „ ‟ symbolizes the constant value ranging between „0‟ and „2‟. „      ‟ and 

„      ‟ indicates the upper and lower bounds of corresponding variable. The process gets 

repeated until maximum iteration gets achieved.   
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3.1.4 Sentiment Classification 

  After keyword extraction in twitter samples, the classification phase aims on categorizing 

the tweet samples into positive, negative and neutral class based on extracted keywords. The 

proposed SEL-AgXAI technique employs Tamas matching coefficient (   ) for analyzing the 

similarity score between the extracted keywords and twitter samples to perform efficient 

classification. The matching coefficient computes the proportion of extracted keywords that are 

mutually present in both sets to the total number of words. The relationship between extracted 

keywords and twitter sentences expressed as, 

    
           

 
  (13) 

From (13), „   ‟ represents the Tamas matching coefficient, „    ‟ symbolizes the 

extracted keywords, „   ‟ indicates keywords in twitter samples. „         ‟ denote the 

mutual dependence or matching between the two words. „ ‟ denotes the total number of words in 

twitter samples. „   ‟ obtains the output values ranging from 0 to 1. The score provides the 

output values between zero and one. It is formulated as, 

        {
                          

                           
     (14) 

 From (14), words in the input text are systematically compared against a set of keywords 

previously categorized into positive, negative, and neutral sentiment classes. Depending on the 

outcomes, „1‟ indicates the presence of disease, while a value of 0 indicates its absence. After 

computing these scores, the algorithm classifies the images into particular class with the high 

score. It indicates the closest match between the input tweets and particular class. In this way, 

sentiment classification results are observed. 

 

3.1.5 Fine Tuning 

In fine-tuning phase of proposed SEL-AgXAI technique, the error value is computed for 

every twitter classification. The classification error is computed through squared difference 

between the classification output and target value. After the classification, fine tuning process is 

executed. In fine tuning process, the error value is computed depending on squared difference 

between the actual and predicted classification results. It is computed as, 

                                              (15) 
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   From (15), „  ‟ symbolize the error value. „   ‟ represent the actual classification 

output. „   ‟ denotes the predicted classification output. In order to minimize the error value, 

the proposed SEL-AgXAI technique employs the stochastic adaptive gradient function for 

varying the weight between layers. It is given by, 

                *
   

      
+                       (16) 

 From (16), „     ‟ represent the new weight. „     ‟ symbolize the current weight. „ ‟ 

denotes the learning rate. „ 
   

      ‟ represent the first-order derivative algorithm to identify the 

local minimum of error value through varying current weight „     ‟.  The process gets 

repeated until error value gets reduced. By this way, an optimal weight values are chosen to 

minimize the classification error. 

 

3.2 Interpretation analytics 

 In proposed SEL-AgXAI technique, an explainable AI (XAI) is a research field that 

identifies the humans with intellectual ability. The key objective of XAI in proposed SEL-

AgXAI technique is to take the interpretation decision in the transparent format. XAI helped 

users of AI-powered systems to carry out the task more effectively through improving their 

understanding reason. XAI increased the user experience of service through helping end users 

trust for taking the good decisions. XAI model is used in proposed SEL-AgXAI technique to 

perform interpretability analysis and to identify input keywords that influence the final sentiment 

classification by Local Interpretable Model-agnostic Explanations (LIME) mechanism. XAI 

reduces the false positive and improves the model ability to correctly identify the negative and 

neutral sentiments for increasing the specificity. From efficient sentiment analysis, hybrid 

education learning is recommended for improving flexibility and improving student engagement 

with social media data. 

 

  For sentiment driven recommendations in hybrid education learning, the data 

interpretation is employed to identify the keywords influencing sentiment classification using 

Local Interpretable Model-agnostic Explanations (LIME) mechanism in proposed SEL-AgXAI 

technique. LIME mechanism is a machine learning concepts for identifying the each keyword 

contribution toward sentiment classification. LIME mechanism in proposed SEL-AgXAI 
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technique effectively highlights the most impactful keyword for all sentiment classes namely 

positive, negative and neutral. 

 

 Let us consider that the input optimal keywords „             ‟ are considered as an 

input. The optimal keywords are trained through black-box model for instance explanation. After 

that, perturbed optimal feature samples are generated for performing interpretation analytics. The 

black-box model is used in Explainable AI (XAI) model to predict keyword contribution outputs 

for all sample instances. The significance of each keyword is determined using kernel function in 

LIME mechanism with weight values to determine the local significance of keywords. It is given 

by, 

           ( 
         

  )                  (17) 

  From (17), „      ‟ represents the distance between instance „  ‟ and perturbed sample 

„  ‟. „ ‟ symbolizes the standard deviation. After that, the linear regression model is fitted on 

the weighted optimal keyword samples. It is formulated as, 

                                                  (18) 

 From (18), ‘ ’ is only valid for optimal keywords „  ‟. Next, the overall importance of 

each feature is determined by calculating the LIME values across all features. The weights of 

keywords contributed for classification. It is computed as, 

  

          i                            (19) 

 From (19), „     ‟ represent the global importance of the keywords. „ ‟ indicates black 

box model. „ ‟ symbolizes interpretable model. „ (       )‟ represent the loss function. 

„    i ‟ denotes the argument minimum. „   ‟ symbolize the locality measure. „    ‟ 

symbolizes the complexity penalty to keep interpretable. The absolute LIME value guarantees 

the magnitude of keyword contribution. The threshold is assigned for finding the high 

contribution for classification categories. It is formulated as,  

          {
                           

                           
              (20)    

 From (20), „  ‟ represent the keyword contribution results in sentiment analysis. „ ‟ 

symbolize the threshold on global importance values. When the keyword absolute LIME value 

exceeds the threshold, it represents that keyword plays important role in classifying the sentiment 
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analysis. When the keyword absolute LIME value lesser the threshold, it denotes that keyword 

has less contribution in classifying the sentiment analysis. By this way, sentiment driven 

recommendations is carried out in hybrid education learning with social media data. The 

algorithmic process of sentiment driven recommendations in hybrid education learning with 

social media data is given below, 

 

// Algorithm 1: SEquential Learning with Agnostic eXplainable AI based sentiment 

classification   

Input:  Twitter dataset,  Number of tweets                          ,  from  online 

and offline  learning  

Output: Increase sentiment classification accuracy   

Begin  

Step 1: Collect the tweet samples from input database 

Step 2:  For each tweet „   ‟ 

Step 3:         Apply SentencePiece tokenizer to obtain the words                     

Step 4:         Measure partial correlation 

Step 5:          If (      )  then 

Step 6:               Words is considered as stop words   

Step 7:          else 

Step 8:               Words is said to be normal words   

Step 9:         End if 

Step 10:     Apply Krovetz stemmer to remove the stem words  

Step 11:  End for 

Step 12:  For each preprocessed word  

Step 13:          Measure radial basis function  

Step 14:          Compute the fitness  

Step 15:          Select current best  

Step 16:          Compute the behaviur   

Step 17:          Update the positions of the krill   

Step 18:          iter = iter+1 

Step 19:          Obtain extracted keywords 
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Step 20:  End for         

Step 21:  For each keywords  „   ‟ 

Step 22:              Measure the tamas matching coefficient 

Step 23:      End for 

Step 24:            then  

Step 25:            Tweets correctly classified into positive, neutral and negative 

Step 26:  End if 

Step 27:  For each classified results  

Step 28:         Compute error  

Step 29:         Update weight  

Step 30:         Obtain final classification results  

Step 31:  End for 

Step 32: For each optimal keywords 

Step 33:  Compute kernel function 

Step 34:  Determine keyword contribution to the sentiment analysis 

Step 35:             ) 

Step 36:      Keyword act as high contribution 

Step 37:   else 

Step 38:      Keyword act as less contribution 

Step 39:    end if 

Step 40: end for 

End  

 

Algorithm 1 explains the step-by-step process for sentiment classification through 

SEquential Learning with Agnostic eXplainable AI. The algorithmic steps consider the number 

of tweets as an input. At first, text preprocessing is carried out through tokenization, stop word 

removal and word stemming. After that, keywords are extracted using krill herd optimization 

process. With extracted keywords, sentiment classification is carried out through tamas matching 

coefficient. Depending on matching coefficient, the tweet sentiments are classified into positive, 

negative or neutral class. For classified results, the error rate is computed. After that, the 

stochastic adaptive gradient function updates the weight value to attain the accurate classification 
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output with minimum error rate. After that, the data interpretation identifies the keywords 

influencing sentiment classification using Local Interpretable Model-agnostic Explanations 

(LIME) mechanism in proposed SEL-AgXAI technique. By this way, the designed algorithm 

makes the final decision for categorizing the sentiments of online and offline education learning. 

This helps to improve the sentiment classification accuracy and reduce the classification time. 

With obtained sentiment results, educators determine the student performance in hybrid 

education learning. 

 

4. EXPERIMENTAL SETUP 

Experimental analysis of proposed SEL-AgXAI technique and existing methods namely 

AOA-HGS and EMRA-Net technique [1] and SMVC [2] are implemented using python high 

level programming language. In order to conduct experiment, student performance analysis is 

done in both online and offline learning through the sentiment analysis using twitter dataset. For 

online learning, student performance is analyzed using Sentiment analysis on the tweets about 

distance learning dataset are taken from https://github.com/Bhasfe/distance_learning.  The 

dataset consists of tweets about distance learning, providing a valuable foundation for sentiment 

analysis in online education settings. This online education settings dataset contains 202645 

tweets. Similarly, for offline learning, Sentiment Analysis on Twitter tweets dataset is taken from 

https://github.com/saadbinmanjur/Kaggle-Competition-Sentiment-Analysis-on-Twitter-tweets.  

This dataset comprises of 31962 tweets for sentiment analysis by classifying the positive tweets 

from negative tweets by machine learning models for classification, text mining, text analysis 

and data analysis. The experimental analysis section presents the comparative analysis of 

proposed SEL-AgXAI technique against existing methods, namely AOA-HGS and EMRA-Net 

technique [1] and SMVC [2] for efficient sentiment classification in educational data mining. 

The six different evaluation parameters namely, sentiment classification accuracy, precision, 

recall, F1-score and sentiment classification time are used. The different parameter metrics are 

employed to categorize the tweets with minimum classification error. 

 

4.1 Implementation Results   

 The effectiveness of the proposed SEL-AgXAI technique is computed for sentiment 

classification with the text data acquisition, text preprocessing, keyword extraction, classification 

https://github.com/Bhasfe/distance_learning
https://github.com/saadbinmanjur/Kaggle-Competition-Sentiment-Analysis-on-Twitter-tweets
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and fine-tuning. After that, interpretation analytics is carried out for finding the keyword 

contribution toward the sentiment classification. The number of tweets is gathered from the 

online and offline learning.  

 

Figure 4 (a) Tweets Collection from Online Dataset  

 

Figure 4 (b) Tweets Collection from Offline Dataset  

Figure 4 (a) and 4 (b) illustrates the tweets collection from the online dataset and offline 

dataset. Then, the collected tweets are pre-processed through tokenization, stop word removal 

and stemming.  
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Figure 5 (a) Text Pre-processing based Online Dataset  

 

Figure 5 (b) Text Pre-processing based Offline Dataset  

The sample results from preprocessing stage are shown in figure 5 (a) and figure 5 (b).  
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Figure 6(a) Pre-processed Texts using online dataset  

 

Figure 6(b) Pre-processed Texts using offline dataset  

The figure 6 (a) and figure (b) discusses the pre-processed texts of online dataset and 

offline dataset. After preprocessing stage, the proposed SEL-AgXAI technique uses krill herd 

optimization for keyword extraction from the preprocessed texts as shown in figure 7 (a) and 

figure 7 (b).  

 

Figure 7 (a) Keyword Extraction using Online Dataset  
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Figure 7 (b) Keyword Extraction using Offline Dataset  

 

In final step, the proposed SEL-AgXAI technique method classifies sentiments by 

applying the tamas correlation coefficient using the extracted keywords. Then, Tamas correlation 

coefficient is used in proposed SEL-AgXAI technique for sentiment classification Sample results 

of the sentiments classification are presented in Figure 8 (a) and 8 (b). 

 

Figure 8 (a) Sentiment Classification using Online Dataset  
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  Figure 8 (b) Sentiment Classification using Offline Dataset  

 

 The sentiment distribution is carried out based on the sentiment classification results. The 

classification is carried out with three classes, namely positive class, negative class and neutral 

class. Figure 9 (a) and figure 9 (b) illustrate the sentiment distribution results for online dataset 

and offline dataset. After sentiment classification, fine tuning process is carried out using 

stochastic adaptive gradient function for attaining sentiment distribution results. 

 

 

Figure 9 (a) Sentiment Distribution across Different Classes using Online Dataset 
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Figure 9 (b) Sentiment Distribution across Different Classes using Offline Dataset 

 

The above figure discusses the sentiment distribution across different classes for both the 

datasets. Then, the keywords contribution towards sentiment classification is discussed in figure 

10(a) and figure 10 (b). 

 

 

Figure 10 (a) Keyword Contribution for Hybrid Educational Learning using Online 

Dataset 
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Figure 10 (b) Keyword Contribution for Hybrid Educational Learning using Offline 

Dataset 

 

The above figure discusses the keyword contribution for sentiment classification. 

Explainable AI (XAI) model is used in proposed SEL-AgXAI technique to carry out 

interpretability analysis and to identify input keywords that influence the final sentiment 

classification. 

 

5. RESULT AND DISCUSSION 

In the experimental analysis, an overview of various performance metrics employed to 

evaluate different classification models proposed SEL-AgXAI technique, existing AOA-HGS 

and EMRA-Net technique [1] and SMVC [2].   

 

Impact on Sentiment Classification Accuracy:  Sentiment classification accuracy is defined as 

the ratio of correctly identified sentiments in the tweets to the total number of tweet samples. It is 

formulated as, 

    
     

           
      (21) 

 

From (21), „   ‟ represent the sentiment classification accuracy. SCA is computed with 

the true positive „  ‟, true negative „  ‟, false positive „  ‟ and false negative „  ‟ 
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correspondingly. True positives denote the correctly classifying positive sentiment as positive. 

True negatives are negative sentiments correctly classified. False positive incorrectly categorizes 

the sentiment as positive. False negatives indicate the model incorrectly categorized as negative 

or neutral. The result comparison is carried out across two different datasets, namely online and 

offline educational learning datasets.  

 

Table 1 (a) Tabulation of Sentiment Classification Accuracy of Online Educational 

Learning Datasets 

Number of  

tweet 

samples 

Sentiment Classification Accuracy  

Proposed 

SEL-AgXAI 

technique 

AOA-HGS and 

EMRA-Net 

technique [1] 

SMVC [2] 

3000 0.989 0.922 0.914 

6000 0.968 0.935 0.904 

9000 0.965 0.925 0.898 

12000 0.945 0.911 0.902 

15000 0.987 0.934 0.914 

18000 0.963 0.937 0.897 

21000 0.951 0.927 0.910 

24000 0.965 0.934 0.891 

27000 0.948 0.958 0.885 

30000 0.959 0.925 0.899 

 

Table 1 (b) Tabulation of Sentiment Classification Accuracy of Offline Educational 

Learning Datasets 

Number of  

tweet samples 

Sentiment Classification Accuracy  

Proposed 

SEL-AgXAI 

technique 

AOA-HGS and 

EMRA-Net 

technique [1] 

SMVC [2] 

3000 0.971 0.912 0.906 

6000 0.953 0.925 0.899 

9000 0.944 0.915 0.888 

12000 0.928 0.905 0.891 

15000 0.979 0.921 0.902 

18000 0.952 0.929 0.890 
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21000 0.940 0.914 0.901 

24000 0.951 0.928 0.889 

27000 0.932 0.942 0.897 

30000 0.939 0.935 0.901 

 

 

Figure 11 (a) Performance Analysis on Sentiment Classification Accuracy of Online 

Educational Learning Datasets 

 

Figure 11 (b) Performance Analysis on Sentiment Classification Accuracy of Offline 

Educational Learning Datasets 
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The above table and figure illustrates the sentiment classification accuracy results under a 

varying number of tweet samples collected from input dataset. The graphical plot represents the 

numbers of tweet samples as input in „x‟ axis and sentiment classification accuracy of three 

methods is observed in „y‟ axis. The observed graphical results notice that sentiment 

classification of proposed SEL-AgXAI technique is higher when compared to two existing 

methods. This because of using sequential extreme learning for tokenization, stop word removal 

and word stemming. The krill herd optimized feature extraction process selects the keywords for 

minimizing the time consumption. Tamas correlation coefficient performs the sentiment 

classification into positive, negative, and neutral sentiments and fine tuning process is carried out 

to improve the sentiment classification accuracy. Finally, the overall findings highlight that SEL-

AgXAI technique enhanced the sentiment classification accuracy performance by 4% and 7% 

compared to the existing approaches by online education learning. Correspondingly, the overall 

results demonstrate that the SEL-AgXAI technique effectively improved the sentiment 

classification accuracy by 3% and 6% when compared to existing methods in offline education 

learning dataset. 

 

Impact on Precision:  Precision is the ratio of tweets correctly classified into specific sentiment 

class (i.e., positive, negative, or neutral) to total number of true positives. Precision „ ‟ is 

calculated as, 

  
  

     
        (22) 

  

Table 2 (a) Tabulation of Precision for Online Educational Learning Datasets 

Number of  

tweet samples 

Precision  

Proposed SEL-

AgXAI 

technique 

AOA-HGS and 

EMRA-Net 

technique [1] 

SMVC [2] 

3000 0.941 0.926 0.912 

6000 0.945 0.932 0.906 

9000 0.954 0.928 0.894 

12000 0.963 0.965 0.892 

15000 0.936 0.925 0.888 

18000 0.945 0.926 0.896 
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21000 0.948 0.931 0.890 

24000 0.945 0.932 0.881 

27000 0.954 0.914 0.887 

30000 0.968 0.932 0.890 

 

Table 2 (b) Tabulation of Precision for Offline Educational Learning Datasets 

Number of  

tweet samples 

Precision 

Proposed SEL-

AgXAI 

technique 

AOA-HGS and 

EMRA-Net 

technique [1] 

SMVC [2] 

3000 0.928 0.920 0.901 

6000 0.941 0.922 0.903 

9000 0.945 0.918 0.890 

12000 0.953 0.915 0.882 

15000 0.929 0.905 0.878 

18000 0.939 0.906 0.876 

21000 0.942 0.901 0.880 

24000 0.941 0.902 0.871 

27000 0.934 0.908 0.877 

30000 0.958 0.931 0.880 

 

 

Figure 12 (a) Performance Analysis on Precision for Online Educational Learning 

Datasets 
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Figure 12 (b) Performance Analysis on Precision for Offline Educational Learning 

Datasets 

 

The above table and figure illustrates precision results under different number of tweet 

samples collected from input dataset. The graphical plot denotes the numbers of tweet samples as 

input in „x‟ axis and precision of three methods is attained in the „y‟ axis. The graphical results 

notice that precision of proposed SEL-AgXAI technique is higher when compared to two 

existing methods. This because of using sequential extreme learning for tokenization, stop word 

removal and word stemming. The krill herd optimization process selects the keywords for 

reducing the time consumption. Tamas correlation coefficient performs the sentiment 

classification and adaptive gradient function is employed for fine tuning process to improve the 

classification accuracy. Finally, the overall findings highlight that SEL-AgXAI technique 

improved the precision performance by 2% and 6% compared to the existing approaches by 

online education learning. Correspondingly, the overall results demonstrate that the SEL-AgXAI 

technique effectively enhanced precision by 3% and 6% when compared to existing methods in 

offline education learning dataset. 
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Impact on Recall:  Recall is the defined as the model capability to correctly identify all relevant 

tweets in particular sentiment class. Recall denotes the proportion of true sentiment samples. 

Recall „ ‟ is formulated as, 

  
  

     
  (23) 

   

Table 3 (a) Tabulation of Recall for Online Educational Learning Datasets 

Number of  

tweet samples 

Recall 

Proposed SEL-

AgXAI 

technique 

AOA-HGS and 

EMRA-Net 

technique [1] 

SMVC [2] 

3000 0.963 0.935 0.935 

6000 0.966 0.945 0.940 

9000 0.974 0.959 0.925 

12000 0.985 0.945 0.921 

15000 0.965 0.951 0.928 

18000 0.971 0.958 0.932 

21000 0.986 0.974 0.965 

24000 0.965 0.945 0.914 

27000 0.971 0.955 0.902 

30000 0.985 0.962 0.898 

 

Table 3 (b) Tabulation of Recall for Offline Educational Learning Datasets 

Number of  

tweet samples 

Recall 

Proposed SEL-

AgXAI 

technique 

AOA-HGS and 

EMRA-Net 

technique [1] 

SMVC [2] 

3000 0.951 0.925 0.918 

6000 0.957 0.932 0.925 

9000 0.964 0.940 0.929 

12000 0.975 0.945 0.935 

15000 0.968 0.952 0.939 

18000 0.970 0.957 0.945 

21000 0.978 0.963 0.951 

24000 0.987 0.969 0.958 

27000 0.989 0.971 0.963 

30000 0.993 0.978 0.968 
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Figure 13 (a) Performance Analysis on Recall for Online Educational Learning 

Datasets 

 

Figure 13 (b) Performance Analysis on Recall for Offline Educational Learning 

Datasets 
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The above table and figure explains the recall results under different number of tweet 

samples collected from input dataset. The graphical plot denotes the numbers of tweet samples as 

input in „x‟ axis and recall of three methods is achieved in „y‟ axis. The graphical results show 

that recall of proposed SEL-AgXAI technique is higher when compared to two existing methods. 

This is due to application of using sequential extreme learning and explainable AI for efficient 

sentiment classification. The text pre-processing performs the tokenization, stop word removal 

and word stemming. After that, the krill herd optimization performs the keyword extraction and 

Tamas correlation coefficient performs the sentiment classification and adaptive gradient 

function is used for fine tuning process to improve the classification accuracy. Finally, the 

overall findings highlight that SEL-AgXAI technique improved the recall performance by 2% 

and 5% compared to the existing approaches by online education learning. Correspondingly, the 

overall results demonstrate that the SEL-AgXAI technique effectively increased recall by 2% 

and 3% when compared to existing methods in offline education learning dataset. 

 

Impact on F1-score: F1-score combined precision and recall into harmonic mean for balanced 

evaluation. It is calculated as, 

            *
   

   
+                           (24) 

  Table 4 (a) Tabulation of F1 score using online learning   

Number of  

tweet samples  

F1 score 

Proposed 

SEL-AgXAI 

technique 

AOA-HGS and 

EMRA-Net 

technique [1] 

SMVC [2] 

10000 0.951 0.935 0.917 

20000 0.954 0.939 0.922 

30000 0.959 0.927 0.935 

40000 0.962 0.932 0.927 

50000 0.965 0.939 0.931 

60000 0.968 0.942 0.927 

70000 0.971 0.938 0.944 

80000 0.968 0.951 0.937 

90000 0.957 0.938 0.925 

100000 0.960 0.941 0.941 
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Table 4 (b) Tabulation of F1 score using offline learning   

Number of  

tweet samples  

F1 score 

Proposed 

SEL-AgXAI 

technique 

AOA-HGS and 

EMRA-Net 

technique [1] 

SMVC [2] 

3000 0.943 0.925 0.915 

6000 0.935 0.919 0.910 

9000 0.946 0.930 0.928 

12000 0.938 0.958 0.935 

15000 0.947 0.935 0.921 

18000 0.952 0.939 0.928 

21000 0.961 0.945 0.940 

24000 0.974 0.961 0.949 

27000 0.968 0.945 0.921 

30000 0.970 0.952 0.935 

 

 
Figure 14 (a) Performance Analysis on F1 score using online learning 
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Figure 14 (b) Performance Analysis on F1 score using Offline learning 

 

The above table and figure explains the f1-score results for different number of tweet 

samples gathered from input dataset. The „x‟-axis represents the numbers of tweet samples as 

input and f1-score of three methods is obtained in the „y‟ axis. The graphical analysis illustrates 

the f1-score of proposed SEL-AgXAI technique is higher when compared to two existing 

methods. This is because of using sequential extreme learning and explainable AI for efficient 

sentiment classification. The text pre-processing, keyword extraction, sentiment classification 

and fine-tuning are used in the sequential extreme learning for sentiment classification. After 

that, explainable AI perform interpretability analysis to identify the high contribution keywords 

for final sentiment classification Finally, the result discusses that proposed SEL-AgXAI 

technique enhanced the f1-score performance by 2% and 3% compared to the existing 

approaches by online education learning. Correspondingly, the overall results demonstrate that 

the SEL-AgXAI technique effectively increased f1-score by 1% and 2% when compared to 

existing methods in offline education learning dataset. 
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Impact on Specificity: Specificity is an essential metric in the text document classification for 

reducing the false positive rates. Specificity is formulated as, 

            
  

     
                      (25) 

  

Table 5 (a) Tabulation of Specificity using online learning   

Number of  

tweet samples  

Specificity 

Proposed 

SEL-AgXAI 

technique 

AOA-HGS and 

EMRA-Net 

technique [1] 

SMVC [2] 

10000 0.958 0.925 0.907 

20000 0.965 0.919 0.912 

30000 0.959 0.907 0.915 

40000 0.966 0.922 0.925 

50000 0.974 0.919 0.927 

60000 0.978 0.922 0.931 

70000 0.981 0.925 0.934 

80000 0.974 0.932 0.927 

90000 0.977 0.935 0.920 

100000 0.980 0.944 0.925 

 

Table 5 (b) Tabulation of Specificity using offline learning   

Number of  

tweet samples  

Specificity 

Proposed 

SEL-AgXAI 

technique 

AOA-HGS and 

EMRA-Net 

technique [1] 

SMVC [2] 

3000 0.943 0.915 0.879 

6000 0.951 0.920 0.881 

9000 0.953 0.917 0.897 

12000 0.957 0.926 0.905 

15000 0.964 0.935 0.917 

18000 0.968 0.945 0.921 

21000 0.971 0.954 0.934 

24000 0.974 0.958 0.928 

27000 0.967 0.931 0.935 

30000 0.969 0.935 0.926 
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Figure 15 (a) Performance Analysis on Specificity using Online learning 

 

Figure 15 (b) Performance Analysis on Specificity using Offline learning 
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The above tables and figures describe the specificity results for diverse number of tweet 

samples gathered from two input datasets. The „x‟-axis represents number of tweet samples as 

input and specificity of three methods is obtained in the „y‟ axis. The graphical analysis 

illustrates the specificity of proposed SEL-AgXAI technique is higher when compared to two 

existing methods. This is due to the application of sequential extreme learning and explainable 

AI for efficient sentiment classification. The text pre-processing, keyword extraction, 

classification and fine tuning process are carried out in sequential extreme learning for sentiment 

classification. An explainable AI perform interpretability analysis for finding the high 

contribution keywords to perform sentiment classification Finally, the proposed SEL-AgXAI 

technique improved the specificity performance by 5% and 5% compared to the existing 

approaches by online education learning. Correspondingly, the overall performance results 

demonstrate that the proposed SEL-AgXAI technique effectively enhanced the specificity by 3% 

and 5% when compared to existing methods in offline education learning dataset. 

 

Impact on Sentiment classification time: Sentiment classification time is defined as the product 

of amount of time consumed to perform sentiment classification and number of input tweet 

samples. The sentiment classification time is determined as, 

    ∑     
 
              (26) 

 

 From (26), „   ‟ represents the sentiment classification time based on the tweet samples 

„    ‟ and the actual time consumed in classifying tweets denoted by „        ‟. It is 

measured in terms of seconds (sec). 

 

Table 6 (a) Tabulation of Sentiment Classification Time using online learning   

Number of  

tweet samples  

Sentiment Classification Time (sec) 

Proposed 

SEL-AgXAI 

technique 

AOA-HGS and 

EMRA-Net 

technique [1] 

SMVC [2] 

10000 62.7 65.5 72.9 

20000 69.2 72.6 78.4 

30000 72.8 75.2 84.3 

40000 75.5 81.7 89.7 

50000 77.4 83.6 92.7 
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60000 80.6 87.2 96.2 

70000 87.1 93.4 105.8 

80000 92.4 98.7 108.5 

90000 95.5 101.8 111.4 

100000 97.3 109.3 118.3 

 

Table 6 (b) Tabulation of Sentiment Classification Time using offline learning   

Number of  

tweet samples  

Sentiment Classification Time (sec) 

Proposed 

SEL-AgXAI 

technique 

AOA-HGS and 

EMRA-Net 

technique [1] 

SMVC [2] 

3000 64.1 68.1 73.11 

6000 69.5 74.4 79.6 

9000 74.4 77.3 83.7 

12000 77.6 79.9 85.2 

15000 80.3 85.1 87.3 

18000 83.2 89.4 88.9 

21000 89.7 94.3 106.7 

24000 94.8 99.6 109.6 

27000 97.9 102.4 110.5 

30000 98.4 111.8 119.2 

 

 

Figure 16 (a) Performance Analysis on Sentiment Classification Time using online learning 
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Figure 16 (b) Performance Analysis on Sentiment Classification Time using Offline 

learning 

 

The above table and figure describes the sentiment classification time results for diverse 

number of tweet samples collected from the input dataset. The „x‟-axis represents number of 

tweet samples as an input and sentiment classification time of three methods is obtained in the 

„y‟ axis. The graphical analysis illustrates the sentiment classification time of proposed SEL-

AgXAI technique is lesser when compared to the two existing methods. This is because of using 

sequential extreme learning for sentiment classification and explainable AI for interapability 

analysis. The sequential extreme learning performs the text pre-processing, keyword extraction, 

classification and fine tuning process for sentiment classification. An explainable AI performed 

interpretability analysis for identifying the high contribution keywords. Finally, the proposed 

SEL-AgXAI technique minimized the sentiment classification time by 7% and 15% compared to 

the existing approaches by online education learning. Correspondingly, the overall performance 

results demonstrate that the proposed SEL-AgXAI technique effectively reduced the sentiment 

classification time by 6% and 12% when compared to existing methods in offline education 

learning dataset. 
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6. CONCLUSION 

 A new technique termed SEL-AgXAI technique is introduced for increasing the 

classification accuracy with minimum error rate. SEL-AgXAI technique utilizes sequential 

extreme learning network for text pre-processing for improving the accuracy. The krill herd 

optimized keyword extraction process selects the keywords for reducing the time consumption of 

sentiment classification. Tamas correlation coefficient performs sentiment classification and fine 

tunes the result using stochastic adaptive gradient function. Then, Explainable AI (XAI) model 

perform interpretability analysis through identifying the keyword contribution for sentiment 

classification. This in turn, accurate influence factor analysis is carried out through eXplainable 

AI (XAI) model. Experimental evaluation considers factors such as sentiment classification 

accuracy, precision, recall, f1-score, specificity, and sentiment classification time with respect to 

the number of social media data. From the result analysis, hybrid education learning is 

recommended in the future for enhancing flexibility, improving student engagement by 

combining the benefits of both in-person and remote instruction. 
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