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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 Al (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 -
AgXAl 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 Al (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 Al (XAI) model. XAl 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, fl-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 fl-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 Al (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 (Al) 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-1Ada Boost) model
was introduced in [26] for improving the sentiment classification performance. But, the
classification accuracy was not improved by SVS-1Ada 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 Al (SEL-AgXAl) 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 Al

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
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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,

SPT
Tw; — [‘wo;’, ‘wo,’, ‘wo3’, ‘wo,’,.... ‘wo,,’] 1)

3 b 3

wo,’...

29

From (1), ‘Tw;’ symbolizes the tweets sample. ‘‘wo;’, ‘wo,’, ‘wo;’, wo,
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 ‘wo;’, ‘wo,’, ‘wos’,

3

wo,’.... ‘wos’ in the tweet samples ‘TwS’ and stop words lists * Wog;,,”.
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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,

Y(wog— mec;)l(wob— mep) (2)

Par (wo,, wop) =

From (2), ‘Par (wo,, woyp,)’ represent partial correlation between words from tweets

b

‘wo,’ and ‘wo,’. ‘me,’ denotes the mean frequency of word ‘wo,’ and ‘me,’ indicates the
mean frequency of word ‘wo,’. 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,

WOorig = WOraot + WOstem (3)

From (3), ‘wo,,i,’ represent the original words after stop word removal. ‘wo,,,.’
symbolizes the root word. ‘W’ denote the stem words. The stem word removal algorithm
eliminates the suffix from original word ‘wo,,;,” and keeps only the root word ‘wo;4,;’. 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,

WOroot = WOoriginal — WOstem (4)
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From (4), the root word is identified. The word stemming algorithm in proposed SEL-
AgXALI technique eliminated the stem ‘Wog.,,” to obtain the root word ‘wo,.,,.’. 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,

TwS = woq, W04, W03, ...., W0, 5)

From (5), ‘TwS’ symbolizes the tweet samples. ‘m’ indicates the humber 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,

|wor-wogy |2
RBF = exp [— Tg (6)
Fit _ {RBF > Threshold; Selected as keyword )
tness = Otherwise; Not selected as keyword

From (6) and (7), ‘RBF’ represent the radial basis function. ‘wo;’ denotes the related
word appearance frequency in given tweet. ‘wo,,,,” symbolizes the average frequency of word in
given tweet samples. ‘o’ 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,

L, _
— =xty+tz (8)

From (8), ‘%p’ represent the Lagrangian model. ‘x’ symbolizes the influence of krill

individuals. ‘y’ denotes food source searching behavior. ‘z” represent the random diffusion. The
influence krill behaviors is formulated as,

X =velyge ¥+ T *xmovej,, 9

From (9), ‘x’ represent the krill motion induced by additional krill. ‘vel,,,,’ symbolizes
maximum velocity. ‘T’ denotes the inertia weight value varying between (0,1). ‘y’ symbolizes
the krill affected by induction direction of neighbors. ‘move;,;’ represent the induced
movement. It is formulated as,

Y = SApmax Disty + 1 * movepy (10)

From (10), ‘y’ denotes the food source searching behavior. ‘sd,,,,’ indicates the
maximum foraging speed. ‘Dist;’ symbolizes the foraging direction. ‘7¢’ represent inertia

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

current iteration

Z = 1rdSmax (1 - ) *rdd (11)

maximum iteration

From (11), ¢ z’ represent random diffusion behavior. ‘g,,4,’ symbolizes the maximum
random diffusion speed. ‘rdd’ represent the random diffusion direction. Finally, the Krill
position gets updated depending on the estimated behaviors. It is given as,

Poyey = Poy + %’ K * Y (upper; — lower;) (12)
From (12), ‘Po,,.,° symbolizes the newly updated position. ‘Po,’ denotes the current
position of krill. ‘K” symbolizes the constant value ranging between ‘0’ and ‘2. ‘upper;’ and
‘lower;” 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 (TMC) 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,

__ [ewojnwoy]

TMC = (13)

From (13), ‘TMC’ represents the Tamas matching coefficient, ‘ewo;” symbolizes the
extracted keywords, ‘wo;’ indicates keywords in twitter samples. ‘ewo; N wo;’ denote the
mutual dependence or matching between the two words. ‘n’ denotes the total number of words in
twitter samples. ‘TMC’ obtains the output values ranging from 0 to 1. The score provides the

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

1; matcUed

0; not matced (14)

ACO =TMC={

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,
EV = [ACO — PCO]? (15)
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From (15), ‘EV’ symbolize the error value. ‘ACO’ represent the actual classification
output. ‘PCO’ denotes the predicted classification output. In order to minimize the error value,
the proposed SEL-AgXAI techniqgue employs the stochastic adaptive gradient function for

varying the weight between layers. It is given by,

Wenew —= Weold -7 [

0EV
oweold

(16)

old»

From (16), ‘We™®"’ represent the new weight. ‘We symbolize the current weight. ‘n’

denotes the learning rate. ‘Lvld’ represent the first-order derivative algorithm to identify the
aWe?o

local minimum of error value through varying current weight ‘We°?¢>. 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 Al (XAI) is a research field that
identifies the humans with intellectual ability. The key objective of XAl in proposed SEL-
AgXAI technique is to take the interpretation decision in the transparent format. XAl helped
users of Al-powered systems to carry out the task more effectively through improving their
understanding reason. XAl increased the user experience of service through helping end users
trust for taking the good decisions. XAl 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. XAl
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 ‘ok4, 0k,, ..., 0k,’ 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 Al (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,

D(ok,ps)?
Tor (ps) = exp (— 222) (17)

)
From (17), ‘D(x, z)’ represents the distance between instance ‘ok’ and perturbed sample
‘ps’. ‘o’ symbolizes the standard deviation. After that, the linear regression model is fitted on
the weighted optimal keyword samples. It is formulated as,
9(ps) = f(ps) (18)
From (18), ‘g’ is only valid for optimal keywords ‘ok’. 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,

§(of) = argmingeq L(f, g, moi) +9(g)  (19)
From (19), ‘¢(ok)’ represent the global importance of the keywords. f” indicates black

3 b

box model. symbolizes interpretable model. ‘L(f,g,nof)’ represent the loss function.

g
‘argmin’ denotes the argument minimum. ‘m,,’ symbolize the locality measure. ‘9(g)’
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,

&(ok) > T, High contribution

&(ok) < T, Less contribution (20)

Fe = |

From (20), ‘FC’ represent the keyword contribution results in sentiment analysis. ‘T’
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,

/I Algorithm 1: SEquential Learning with Agnostic eXplainable Al based sentiment

classification

Input: Twitter dataset, Number of tweets TwS; = TwS;, TwS,, TwS; ....TwS,,, 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 ‘TwS’

Step 3: Apply SentencePiece tokenizer to obtain the words wo,, wo,, wos, ....wo,,
Step 4: Measure partial correlation

Step 5: If (PC =1 ) 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 © wy,’

Step 22: Measure the tamas matching coefficient
Step 23:  End for

Step 24: if(TMC = 1) 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: if(é(ok) >T)

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 Al. 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
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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.

Students Online Learning Data Collection

,Content,Location,Username,Retweet-Count,Favorites,Created at,Processed,Length,Words,Country,Polarity, Subjectivity,Label

0,innovate an innovative approach #quoteoftheday #DigitalMarketing #DigitalLearning #blogger https://t.co/fBHveP86Qw,unknown,PaulBillygraha1,0,0,2020-08-j
1," The pandemic is raising concerns about how teens use technology. But there’s still a lot we don’t know.

READ MORE: https://t.co/LnRFYWYGAz

#ContinuingEducation #DigitalLearning #Education #EduTech #HigherEducation #Learning #LifelongLearning #Media #OnlineLearning #School* https://t.co/sDH
2,"STl: Staying Education-ready in the New Normal | Inquirer Technology

READ MORE: https:/it.coisF61JYGBTb

#ContinuingEducation #DigitalLearning #Education #EduTech #HigherEducation #Learning #LifelongLearning #Media #OnlineLearning #School+ https://t.co/Xbj
3,"Digital Learning Through Digital RCRT

Registration Opening Soon
Website: https://t.co/DWAg4to5xX

#digitallearning #easylearning #digitalrcrt #rsvk #ssy #onlineeducation #effortlesslearning #onlinecourse https://t.co/PrGmfXy76b",unknown,digitalrert,0,0,2020
4,"Upswing Classroom: Out and Out Virtual School, Not Just a Classroom! - EdTechReview
https://t.co/dXzzdoaDHH

Figure 4 (a) Tweets Collection from Online Dataset

Students Offline Learning Data Collection

id,label, tweet

1,0, @user when a father is dysfunctional and is so selfish he drags his kids into his dysfunction. #run

2,0,@user @user thanks for #yft credit i can't use cause they don't offer wheelchair vans in pdx. #disapointed #getthanked

3,0, bihday your majesty

4,0, #model ilove u take with u all the time in urd#!!! 866806,0,6|

5,0, factsguide: society now #motivation

6,0,[2/2] huge fan fare and big talking before they leave. chaos and pay disputes when they get there. #allshowandnogo

1,0, @user camping tomorrow @user @user @user @user @user @user @user dannya,

8,0,the next school year is the year for exams.d can't think about that 8- #school #exams #hate #imagine #actorslife #revolutionschool #girl
9,0,we won!!! love the land!!! #allin #cavs #champions #cleveland #clevelandcavaliers 4

10,0, @user @user welcome here ! i'm it's so #gr8 !

11,0, & #ireland consumer price index (mom) climbed from previous 0.2% to 0.5% in may #blog #silver #gold #forex

12,0,we are so selfish. #orlando #standwithorlando #pulseshooting #orlandoshooting #biggerproblems #selfish #heabreaking #values #ove #
13,0,i get to see my daddy today!! #80days #gettingfed

14,1,@user #cnn calls #michigan middle school "build the wall' chant " #tcot

15,1,no comment! in #australia #opkillingbay #seashepherd #helpcovedolphins #thecove #helpcovedolphins

16,0,0uch...junior is angryd#got7 #unior #yugyoem #omg

17,0,i am thankful for having a paner. #thankful #positive

18,1,retweet if you agree!

19,0,its #friday! 6 smiles all around via ig user: @user #cookies make people

20,0,"as we all know, essential oils are not made of chemicals. "

21,0,#euro2016 people blaming ha for conceded goal was it fat rooney who gave away free kick knowing bale can hit them from there.
22,0,sad little dude.. #badday #coneofshame #cats #pissed #unny #laughs

23,0,product of the day: happy man #wine tool who's it's the #weekend? time to open up &amp; drink up!

24,1,@user @user lumpy says i am a . prove it lumpy.

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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B ORIGINAL TEXT:
In the spirit of the hyperdoc shares by #THEBOOKCHAT &amp; an awesome stations post from @magicalmsmurphy, here's access to a beginning-of-t
he-year #Digitallearning #ELA breakout: https://t.co/9mTCyl 7.

In the past I've done an in-person breakout to intro texts &amp; set collab norms

4 CLEANED TEXT:
In the spirit of the hyperdoc shares by THEBOOKCHAT amp an awesome stations post from here s access to a beginning of the year Digitallearni
ng ELA breakout In the past I ve done an in person breakout to intro texts amp set collab norms

B8 TOKENS:

['_In*, °'_the', '_sp’, 'irit’, '_of', '_the', '_h', 'y’, ‘per’, 'd’, 'oc’, ' y', "_THE', 'B", 'OOK', 'CH', 'AT', '_am’, 'p', '_a
n', '_awesome', '_st’, ‘ations’, '_post’, '_from', '_here’, ' s’, Ll ', '_a', '_beginning’, °_of _the', '_year’, '_Digital’,
'Learning’, '_E', 'LA’, '_break’, ‘out’, '_In’, '_the', '_past’, *_ ‘_'s 'we', '_done’, '_an', '_in’, '_person', '_break', ‘out’, '_to’,
'_intro®, '_text', 's’, '_am’, 'p’, '_set’, '_coll’, 'ab’, '_norm’, 's’

& AFTER STOP WORD REMOVAL :

['_In*, °'_the', '_sp’, 'irit’, ' _of ', '_h', 'y', ‘per’, 'd’, ‘oc’, '_shares’, '_by', '_THE', 'B’, 'OOK', 'CH', '_am’, 'p’, '_an’, '_
awesome’, '_st’, ‘ations’, '_post’, ' 'y "_here’ L 'y "_to', '_a', '_beginning’, '_of', '_the', '_year’, '_Digital’, 'Learn
ing', '_E', ', '_break’, ‘out’, '_In', '_the', *_| L ', 'wve', '_done’, '_an', '_in’, '_person’, '_break’, ‘out', '_to’, '_intr
o', "_text’, 's’, '_am’, 'p’, '_set’, '_coll’, ‘ab’, '_norm’, ‘s’

7 AFTER PORTER STEMMING:

['_in*, °'_the', ’_sp’, 'irit’, ' '_the', ' 'y', "per’ ‘oc’, '_share’, '_bi', '_the', 'b’, ‘ook’, am', 'p’, "_an’, '_a
wesom', '_st', ‘ation’, '_post’, ‘s "_here’, ' s', " ', '_to', '_a', '_begin’, '_of', '_the', '_year’, '_ t', 'learn’, '_e’,
‘la’, '_break’, ‘out’, '_in’, '_the’, '_past’, "_. 't . '_done’, '_an', '_in’, '_person’, '_break', ‘out’, '_to', '_intro', '_text’,
‘s', "am’, ‘_set’, '_coll’, ‘ab’, '_norm’, s’

B ORIGINAL TEXT:
{fuser father’'s day th

J/ CLEANED TEXT:
father s day thalaivaa

B8 TOKENS:
[, "ather’, 's", *_ 's’, P, ek

& AFTER STOP WORD REMOVAL:
['_‘F', "ather', '_5', '_d ' ! . '_1.Jeek']

T AFTER PORTER STEMMING:
[l_+‘lJ _ _ JI _ L] .' n " L] l5lj lpll, I_l.JEekl]

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).

© 2025, IJCSMC All Rights Reserved, ZAIN Publications, Fridhemsgatan 62, 112 46, Stockholm, Sweden 66



S. Menaka et al, International Journal of Computer Science and Mobile Computing, Vol.14 Issue.12, December- 2025, pg. 47-88

® Sample of final processed output:

Content Processed Tokens
innovate an innovative approach #quoteoftheday... [_innov, ate, _an, _innov, _approach, _qu, ote...

The pandemic is raising concerns about how tee... [_the, _pandem, i, _ra, ise, _concern, _about...
STI. Staying Education-ready in the New Normal... [_s, ti, _stay, ing, _educ, _readi, _in, _the,...
3 Digital Learning Through Digital RCRT\n.\n.\nR... [ digit, learn, _through, _digit, r, cr, t, ...
Upswing Classroom: Qut and Out Virtual 5chool,... [_u, ps, w, ing, _classroom, _out, _and, _out,...

Figure 6(a) Pre-processed Texts using online dataset

8, Sanple of final processed output:
tweet Processed Tokens
@user when a father is dysfunctional and is s... [ when, _a, f, ather, i, d, ys, fun, ct, io...

duser @user thanks for #lyft credit i can't us... [ thank, for, 1, y, ft, credit, i, _can, _
bihday your majesty [_b, ih, day, _your, m, aj, est, y]
3 #model i love u take with u all the time in ... [ model, i, love, u, _take, with, u, _all...
factspuide: society now  #motivation [ fact, s, gu, ide, _so, cieti, _now, _m, otiv]

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).

mmon words in the tweets

1srcheck star=ts;

hedu

website
=

weelk manag

Figure 7 (a) Keyword Extraction using Online Dataset
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Top Negative Keywords
ure hi'« becaus.
S hand

man

address

money

world reen

o i q)
i = beyondl akill

Figure 7 (b) Keyword Extraction using Offline Dataset

ifornia CEr

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).

Tweet: updated curricula softskills digitalconnectivity gitallearning access young pe. ..
+ Label: positive | TMC-Score: ©.182 | Tuned Weight: 1.818

Tweet: student need study space clean amp organised classes move online pay attention p...
- Label: positive | TMC-Sco ©.176 | Tuned Weight: 1.824

Tweet: news via edtech startup wins nigeria challenge compete afr rize digitallearn. ..
- Label: positive | TMC-Score: @.167 | Tuned Weight: 1.

Tweet: edtech launched celebrate key educators shaping education technology transformat. ..
- Label: positive | TMC-Score: @. | Tuned wWeight: 1.

Tweet: recent development report digital education systems market witness exponential r...
-+ Label: positiwve | TMC-Score: @.608 | Tuned Weight: 1.408

Tweet: sap training adoption enhances digitallearning foster people business success wi...
- Label: positive | TMC-Score: ©.208 | Tuned Weight: 1.3886

Tweet: unlock power amp potential mobile first strategy infographic elearning mlearning. ..
- Label: positive | TMC-Score: ©.208 | Tuned Weight: 1.386

Tweet: implement educational technology modern classroom digitallearning edapps edtech ...
+ Label: positive | TMC-Score: ©.417 | Tuned Weight: 1.

Tweet: cisco juniper d et cloud computing balancer google onlineclasses dewnet cloudc. ..
- Label: positive | TMC-Score: @. | Tuned Weight: 1.769

Tweet: online learning head class read continuingeducation digitallearning education ed...
- Label: positive | TMC- . | Tuned Weight: 1.143

Tweet: superintendent sha i m ( inui tion digitallearning education ...
- Label: positive | TMC-Score: @ Tuned Weight: 1.214

Tweet: backtosc ) teachers locking ways help students successful ...
- Label: positiw MC re: 8.2 Tuned Weight: 1.388

Tweet: changing careers presented kathy stoughton read continuingeducation digitallearn...
- Label: positive | TMC-Score: @. | Tuned Weight: 1.312

Figure 8 (a) Sentiment Classification using Online Dataset
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Tweet: @user fuck yes!! @user mr money in the bank 83 so dam proud!! Guser #mitb...
i TMC-Score: @.286 | Tuned Weight: 1.714
wve anything else better to do than be a hoe.
TMC-Score: @.417 | Tuned Weight: 1.583
I @user (@user i'd be ashamed of my state if i took responsibility for #reptrey...
- Label: positiwe | TMC-Score: . 368 Tuned Weight: 1.¢
Tweet: nobody likes me -
- Label: negatiwve | TMC-Score: @.333 Tuned Weight:
Tweet: happy father's dayaf #fathersday #lowve ...
- Label: negatiwe | TMC-Score: &.488 Tuned Weight: -
Tweet: yesterday! #friends #lowveislowe @ california kitchena)
- Label: positiwe | TMC-Score: 8.888 | Tuned Weight: 2 ]
Tweet: people do anything for fucking attention nowadays O
- Label: positiwe | TMC-Score: .25 Tuned Weight: 1.756
Tweet: creative bubble got burst looking forward to the day i never have to see my...
- Label: negatiwve | TMC-Score: @.316 | Tuned Weipght: 1.6234
Tweet: tomorrow is gonna be a big day! we are going to deliver the first box of books a...
- Label: positiwve | TMC-Score: @.381 | Tuned Weight: 1.619
Tweet: i am thankful for gigogles. #thankful #positive
- Label: negatiwve | TMC-Score: 8.588 | Tuned Weight: 1.588
Tweet: #model i lowve u take with wu all the time in ur ! DAB3D D] - - -
- Label: negatiwve | TMC-Score: ©.615 | Tuned Weight: 1.
Tweet: in life wu will grow to lear some pple will work to fuck u over just coz wur life...
- Label: negatiwve | TMC-Score: ©.238 | Tuned Weight: 1.762
Tweet: 8i was the storm,you were the rain. together we destroyed this town and becam. ..
- Label: negatiwve | TMC-Score: @.375 | Tuned Weight: 1.625

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.

Sentiment Distribution

negative

neutral

positive

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

Positive

Negative

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).

Top Positive and Negative Keywords Influencing Sentiment Classification

I Positive Influence

martech - B Negative Influence

work -

training -
remote -

amp

best 1
technology -
educational
free -

new -

teaching 1

tech 1

read -

edutech -
online q
onlinelearning -
digital
elearning -
digitallearning -
education -

Keywords

|
N

I
-
o
[
N

Average Influence Weight

Figure 10 (a) Keyword Contribution for Hybrid Educational Learning using Online
Dataset
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LIME: Top Positive and Negative Keywords

Negative Keywords Positive Keywords

his

drags
dysfunction {
he 1
dysfunctional
when q

so0 4

and

is q

selfish 4

run 4

kids 4

father {

T T T T T T T T 1 T T T T T T T T
-0.016 -0.014 -0.012 -0.010 -0.008 -0.006 —0.004 -0.002 0.000 0.000 0.001 0.002 0.003 0.004 0.005 0.006 0.007 0.008
Influence (Negative) Influence (Positive)

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

Dataset

The above figure discusses the keyword contribution for sentiment classification.
Explainable Al (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,

TP+TN
SCA = ————
TP+FP+TN+FN

100 (21)

From (21), ‘SCA’ represent the sentiment classification accuracy. SCA is computed with

the true positive ‘TP’°, true negative ‘TN’, false positive ‘FP’ and false negative ‘FN’
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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 Sentiment Classification Accuracy
tweet Proposed AOA-HGS and @ SMVC [2]
samples SEL-AgXAI EMRA-Net
technique technique [1]
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 Sentiment Classification Accuracy
tweet samples Proposed | AOA-HGSand = SMVC [2]
SEL-AgXAl EMRA-Net
technique technique [1]
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

Comparison of Sentiment Classification Accuracy

B Proposed SEL-AgXAl
s AOA-HGS & EMRA-Net[1]
s SMVC[2]

1.0

e e e
B o ]
) )

Sentiment Classification Accuracy

o
N

0.0 -

"’aoe & 'C'eoo ~3’°°° -s?ee w"occ "»’Peo "i-‘eee 'b°°°°

Number of Tweet Samples

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

Educational Learning Datasets

Comparison of Sentiment Classification Accuracy
1.0 s Proposed SEL-AgXAl
= AOA-HGS & EMRA-Net [1]
L SMvC[2]

> 0.8
v
g
3
g
<

0.6
i
L o4
'i
W

0.2

0.0-

) o o ) o ) o o
F & & £ &£ & & & & &
K ¢ $ ¥ N N4 g " 7 S
Number of Tweet Samples

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-
AgXAlI 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 ‘P’ is

calculated as,

TP
"~ TP+FP

(22)

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

Number of Precision
tweet samples | Proposed SEL- | AOA-HGS and SMVC [2]

AgXAl EMRA-Net

technique technique [1]
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 Precision
tweet samples | Proposed SEL- | AOA-HGS and SMVC [2]
AgXAl EMRA-Net
technique technique [1]
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
Comparison of Precision
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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 ‘R’ is formulated as,
TP

R= (23)

T TP+FN

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

Number of Recall
tweet samples Proposed SEL- | AOA-HGS and SMVC [2]

AgXAl EMRA-Net

technique technique [1]
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 Recall

tweet samples | proposed SEL- | AOA-HGS and SMVC [2]

AgXAl EMRA-Net
technique technique [1]
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
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Figure 13 (b) Performance Analysis on Recall for Offline Educational Learning

Datasets

© 2025, 1JCSMC All Rights Reserved, ZAIN Publications, Fridhemsgatan 62, 112 46, Stockholm, Sweden 78



S. Menaka et al, International Journal of Computer Science and Mobile Computing, Vol.14 Issue.12, December- 2025, pg. 47-88

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 Al 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)

F1—score =2 [P*R]

P+R

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

Number of | F1 score
tweet samples | Proposed AOA-HGS and SMVC [2]
SEL-AgXAI EMRA-Net

technique technique [1]
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 F1 score
tweet samples | Proposed AOA-HGS and SMVC [2]
SEL-AgXAl EMRA-Net

technique technique [1]
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

e
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F1 score
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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 fl-score results for different number of tweet
samples gathered from input dataset. The ‘x’-axis represents the numbers of tweet samples as
input and fl1-score of three methods is obtained in the ‘y’ axis. The graphical analysis illustrates
the fl-score of proposed SEL-AgXAI technique is higher when compared to two existing
methods. This is because of using sequential extreme learning and explainable Al 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 Al perform interpretability analysis to identify the high contribution keywords
for final sentiment classification Finally, the result discusses that proposed SEL-AgXAlI
technique enhanced the fl-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 fl-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,

Specificity = (25)

TN+FP

Table 5 (a) Tabulation of Specificity using online learning

Number of | Specificity
tweet samples Proposed AOA-HGS and SMVC [2]
SEL-AgXAlI EMRA-Net

technique technique [1]
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 | Specificity
tweet samples Proposed AOA-HGS and SMVC [2]
SEL-AgXAlI EMRA-Net

technique technique [1]
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
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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
Al 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 Al 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,

SCT = ¥, TwS; * Time(SC) (26)

From (26), ‘SCT’ represents the sentiment classification time based on the tweet samples
‘TwS;’ and the actual time consumed in classifying tweets denoted by ‘Time(SC)’. It is

measured in terms of seconds (sec).

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

Number of | Sentiment Classification Time (sec)
tweet samples | Proposed AOA-HGS and SMVC [2]
SEL-AgXAI EMRA-Net
technique technique [1]
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 Sentiment Classification Time (sec)
tweet samples | Proposed AOA-HGS and SMVC [2]
SEL-AgXAI EMRA-Net
technique technique [1]
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

Comparison of Sentiment Classification Time (sec)
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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-
AgXAlI technique is lesser when compared to the two existing methods. This is because of using
sequential extreme learning for sentiment classification and explainable Al for interapability
analysis. The sequential extreme learning performs the text pre-processing, keyword extraction,
classification and fine tuning process for sentiment classification. An explainable Al 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 Al (XAIl) model
perform interpretability analysis through identifying the keyword contribution for sentiment
classification. This in turn, accurate influence factor analysis is carried out through eXplainable
Al (XAIl) 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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