
Abstract
Text document classification is a fundamental task in Natural Language Processing (NLP) that involves dispersing predefined categories 
or labels to given text. The rapid expansion of online text data, increased by social media platforms, has highlighted the critical role 
of text classification in managing large-scale data. Different document classification techniques are carried out for efficient semantic 
analysis but the time efficiency faced major issues. To address these issues, Probabilistic Bivariate Correlative Convolutional Extreme 
Learning Machine (PBiC-CELM) developed for efficient document classification with higher accuracy and minimum time. First, numbers 
of text documents are collected from dataset. These text documents are given as input to Convolutional Extreme Deep Belief Network 
(CELM). The text preprocessing is carried out in convolutional layer where tokenization, Stop Word Removal and Word stemming are 
performed. The pre-processed text is transmitted to hidden layer 2. In that layer, Least Angle Regression Analysis is carried out for 
efficient keyword extraction. Then, the extracted keywords are transmitted to ELM for document classification. In that layer, Bivariate 
Correlation Coefficient is employed for classifying the document. In this way, an accurate semantic document classification is obtained 
with higher accuracy and minimal time consumption. Result of PBiC-CELM method achieves efficient performance outcomes, including 
higher 93% of accuracy, 96% of precision, 95% of recall, 95% of F1-score, and 94% of specificity with minimized classification time by 
313 ms and error rate by 1.5% when compared to existing methods and state-of-art-methods.
Keywords: Semantic text document classification, extreme learning machine, Convolutional Neural Networks (CNNs), Least Angle 
Regression results, Bivariate Correlation Coefficient.
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Introduction
Processing and analyzing text documents are fundamental 
in natural language processing (NLP), such as document 
classification, information retrieval, and summarization. 
A Three-Way Decision Enhanced Graph Convolutional 
Networks (3WD-GCN) handles text document classification 
(Jiang et al. 2025). Here, computational complexity 
was not reduced. BERT integrated with Multi Layered 
Convolutional Neural Network (B-MLCNN) [2] classifies 
document (Atandoh et al. 2023).  However, the semantic 
analysis was not implemented. An automated approach 
known as (LDA) support identification and analysis of text 
classification designed (Qiu et al. 2024). However, it was 
unable to enhance recall. Quantum Selfattention Neural 
Network (QSANN) carries text classification (Li et al. et al. 
2024). But, complexity of algorithm was not reduced. Multi-
modal Dynamic Knowledge Graph with Reinforcement 
Learning for Archival Retrieval (MDKG-RL) model optimizes 
document management and retrieval (Chen et al. 2025). 
However, model was not suitable for more complex real-
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world scenarios. A Gravitational Network with Enhanced 
Dependency Semantics (GNEDS) model enhances text’s 
semantic classification (Zuo et al. 2025). However, the 
precision and reliability of keyword extraction was not 
reduced. An ontology-based sentiment analysis with 
BERT method attains accurate text classification ((Taye et 
al. 2025). However, the error rate was not reduced. A pre-
trained Bidirectional Long Short-Term Memory (BiLSTM) 
performs document-level sentiment classification (Xu et 
al. 2025). But the model did not succeed in improving the 
model’s computational efficiency. A new self-supervised 
sentiment analysis method provides semantic similarity 
and contextual embedding (Alizadeh & Seilsepour 2025). 
Learning based Text Classification (LbTC) model provides 
text document classification (Avinash et al. 2025). However, 
it failed to enhance prediction accuracy. An integration of 
BERT and graph convolution models presents multimodal 
text classification (Shao et al. 2025). The designed model 
was not efficient to enhance classification accuracy. A multi-
head graph attention network model portrays accurate 
text classification (Lv et al. 2024). However, robustness, 
stability, and effectiveness of model were major challenged. 
A contrastive multi-graph learning model was designed 
based on neighbor hierarchical sifting for semi-supervised 
text classification (Ai et al. 2025). However, the performance 
of error rate was not effectively reduced. Mask guided BERT 
framework was introduced to enhance the robustness of 
text classification through the task related features (Liao 
et al. 2024). The model was not efficient to reduce the 
time complexity in the text classification. Adaptive Feature 
Interactive Enhancement Network (AFIENet) model achieves 
text classification (Su et al. 2025). However, richer types of 
feature extraction networks were not explored.

Objectives of the study 
•	 To improve accuracy of semantic text document 

retrieval, a novel PBiC-CELM has been developed. 
By integrating CNNs and ELMs in a parallel and 
bi-directional framework, PBiC-CELM is capable of 
capturing both deep semantic representations and 
contextual dependencies within documents, thereby 
significantly enhancing performance.

•	 To reduce time required for keyword extraction, Least 
Angle Regression (LARS) is applied within the pooling 
layer of the Convolutional Neural Network (CNN).

•	 To reduce overall classification time, the PBiC-CELM 
incorporates a text preprocessing stage along with 
the extraction of highly relevant keywords within the 
CNN layers. 

•	 To enhance accuracy of semantic document classification, 
PBiC-CELM employs an Extreme Learning Machine (ELM) 
to analyze the relationship between keywords and class 
labels using the bivariate correlation coefficient.

•	 To compare PBiC-CELM approach against existing 
techniques, multiple performance metrics utilized to 
measure the efficiency.

Related works  
Advanced Machine Learning algorithms were developed 
for E text classification across diverse domains and datasets 
(Ahamad & Mishra 2025). However, efficient sentiment 
analysis systems were not addressed. A symmetrical multi-
task transfer learning framework explains clinical text 
document classification (Zhang et al. 2025). The model 
did not reduce classification error. A K-nearest neighbor 
algorithm and intelligent classification model improve 
efficiency to characterize and extract text information (Xu 
et al. 2025). However, feature extraction was not improved. 
Syntactic-aware text classification method carries feature 
weight vector (Wang et al. 2025). Though, performance 
of multilingual text classification was major issues. A 
comprehensive recommendation system describes news 
sentiment classification based on multimodel fusion (Xi 
& Jiang 2025). But it did not including the large-scale 
deployment. A dual-channel Semantic enhancement-based 
Convolutional Neural Network model was introduced for 
text classification (Zhang et al. 2025). The model was not 
simpler and more effective. Adaptive Search Mechanism 
Based Hierarchical Learning Networks was introduced for 
social media text data classification (Al-Anazi et al. 2025). 
However, it did integrating more diverse data sources. 
A knowledge-enhanced approach was developed for 
improving performance of unsupervised text analysis by 
using latent-factor Bayesian generative model (Costa & 
Ortale 2025). The model failed to develop more effective AI 
systems for accurate text analysis. A Multi-Features Maximal 
Marginal Relevance BERT (MFMMR-BertSum) model handled 
A novel Deep Learning (DL) -based approach includes pre-
processing for better result (Rautaray et al. 2025). However, 
feature selection was major issues. Genetic optimized fully 
connected CNNs designs social media text classification 
(Ghanem et al. 2024). But computational complexity was not 
minimized. A new Label Knowledge-guided Heterogeneous 
Graph Contrastive Learning (LKG-HGCL) model was designed 
for short text sentiment classification (Wu 2025).  However, 
advanced techniques were not employed to influence the 
linguistic features of labels or their semantic correlations 
with text content. Large language models were developed 
efficient text classification (Chausson et al. 2026). However 
the computational cost of the model was high. 

Proposal methodology 
In this paper, a novel system utilizes proposed methodology 
to improve accuracy of document classification. 

Figure 1 demonstrates architecture of proposed 
method for document classification. The proposed method 
comprises text acquisition, preprocessing, keyword 
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Figure 1: Architecture of proposed PBiC-CELM method

Figure 2: Schematic construction of Convolutional extreme learning machine algorithm

extraction, semantic data classification. Initially, numbers 
of text documents are gathered in text acquisition from 
the dataset. After, Query preprocessing plays a vital role 
for performing the tokenization, Stop Word Removal 
and Word stemming to improve the accuracy. Then, the 
keyword extraction extracts the relevant keywords from 
the pre-processed text to determine most informative 
features. The main aim of semantic data classification is to 
categorize the documents with the extracted keywords. 
This section describes the proposed PBiC-CELM method in 
detail, focusing on its ability to improve the accuracy of data 
classification with minimal time complexity.   

Text document acquisition 
In the Text document acquisition refers to process of 
collecting, measuring, and digitizing Text document from 
various sources for purpose of analysis, storage, or real-time 
processing. The PBiC-CELM method uses text document 
classification dataset (Baxter 2020). This dataset includes a 
collection of 1000 newsgroup documents from 10 different 

newsgroups. The 10 Newsgroups dataset has gained 
popularity as a benchmark for testing machine learning 
techniques in text-based tasks, including text classification 
and clustering. 

Convolutional extreme learning machine (CELM) 
based classification 
A CELM is a hybrid neural network model that integrates 
feature extraction capabilities of CNNs with fast learning and 
accurate classification ability of ELMs. Compared to other 
learning mode, CELMs is more suitable for both accuracy 
and efficiency in text classification.

Figure 2 shows schematic structure of CELM classifier 
designed for accurate text document classification with 
minimal time. These documents transferred through a 
convolutional layer, which performs the preprocessing, 
followed by a pooling layer that reduces dimensionality 
while extracting the more relevant features. The resulting 
feature maps are then passed to the Extreme Learning 
Machine. Finally, output layer classifies documents into 
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predefined categories such as Business, Politics, Medical, 
Sport, and so on. This hybrid approach utilizes the powerful 
feature extraction capabilities of CNNs and high efficiency 
of ELMs, making it suitable for large-scale and real-time text 
classification tasks.

The CELM network architecture considers training 
set { }, i jTD Y  where iTD  indicates a training data samples or 
text documents ‘ { }1 2, , ,= …i nTD TD TD TD ’ and jY  refers to a final 
classification outcomes. Each neuron in input layer receives 
training data samples and forwards them to hidden layer 
where hyper parameters such as weights and biases are 
randomly assigned.. 

1

  ( * ]−
=

 
= +

 
∑

n

i in hi
i

Z f TD W b 	 (1)

Where, Z   represents a weighted sum output, iTD  represents 
an input i.e. text documents,  −in hiW   indicates a weight 
between neuron ‘ i ’ in input layer and neuron j  inother 
consecutive layer, and b  represents the bias, f  represents 
activation function, 

Text preprocessing 
In first hidden layer, text preprocessing involves organizing 
raw data samples for further analysis. It clean and transform 
data into a suitable format for providing accurate and 
significant results. Preprocessing helps to enhance quality 
and efficiency of dataset and minimizes the likelihood of 
errors.  

Gensim tokenizer
The Gensim tokenizer is used to process input text 
documents by splitting them into individual tokens or 
words. Gensim’s tokenizer operates by identifying word 
boundaries based on specific delimiters, such as spaces, 
punctuation marks, and symbols, which are defined within 
square brackets. The resulting tokens provide a clean and 
meaningful representation of text, which then be used 
for tasks feature extraction, and classification. Gensim’s 
lightweight is more suitable for handling large volumes of 
textual data in document classification. Let us consider ‘n’ 
text documents ‘ { }1 2, , ,= …i nTD TD TD TD  and each text contains 
‘m’ number of words ‘ 1 2 3, , , .… mw w w w ’. Then tokenization 
process is expressed below,

'
1 2 3' ,   ' ',  ' ', ' ' ⇒ … 

GT

mTD w w w w 	 (2)

Where, the query text documents ‘ 'TD  is partitioned 
into a number of words or tokens 1 2 3, , , .… mw w w w  using 
Gensim tokenizer ‘GT ’. 
Stop Word Removal
Stop word removal is a text preprocessing step that involves 
eliminating frequently occurring words that carry no 
meaningful information for analysis. These words are known 

as stop words. Removing the stop words helps to reduce 
data size, improves processing efficiency, and enhances 
model performance by focusing on more relevant terms. The 
probability of stop word is determined through the Welch’s 
t-test method to analyze words against a predefined list of 
stop words. Stop words are then detected and eliminated 
based on probability results. Let us consider the text 
document ‘TD ’ includes a ‘ m ’ number of words or tokens 

1 2 3, , , .… mw w w w  and predefined stop word list ‘ wLS ’. Therefore, 
the probability of statistical ‘P ’analysis is computed as given 
below, 

   −
=



wTD LSw w
P

s
	 (3)

1,           
0,           


= 


Stop words
P

Otherwise 	 (4)
Where   TDw indicates word count in text documents, wLSw
represents words in the predefined lists, 

s  denotes a 
deviation between the words. The probability outcome 
provides the output values between zero and one. 

Snowball Stemmer
The Snowball Stemmer operates on these tokens after stop 
word removal to identify their stem or root forms.

= +original root stemw w w (5)

Where, originalw  denotes an original tokens or words after 
stop word removal, rootw  represents the root word, stemw  
denotes a stem words. The algorithm removes the suffix 
from the original word originalw , leaving only the root rootw
. This root represents base form of word, which helps in 
grouping different variations of same word together.

= −root original stemw w w
	

(6)

The algorithm removed the suffix or stem stemw  to get the 
root word ‘ rootw ’. In this way, text preprocessing is done in 
convolutional layer. The preprocessed text is transferred into 
pooling layer for further processing. 

Feature extraction 
In text processing using CELM, feature extraction in pooling 
layer plays a vital role in summarizing and refining the 
information captured from the input text documents. The 
pooling layer reduces dimensionality of text documents 
through the features extraction. It selectively retains the 
most important features typically by methods like max 
pooling, which selects the strongest words from the texts. 
It enhances feature extraction process by highlighting 
significant features and improving the model’s ability to 
understand and classify text documents effectively. The 
proposed method utilizes Least Angle Regression Analysis 
aims to determine the keywords from preprocessed text 
documents. Consider number of words 1 2 3, , , .… kw w w w  as 
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input to Least Angle Regression algorithm. Initializes score 
value with zero for each feature. 

1 2 30  , , , .= ∀ = …b b kSim w w w w w      	 (7)

After that, compute correlations of all words with documents. 
For each word, compute its association with target output 
and words with documents are computed using Braun-
Blanquet similarity function as follows, 

( ) ( )
 

 ,
 ,
∩

= b l
b l

b l

w w
Sim w w

w wmax 
	

(8)

Where, ( ) ,b lSim w w  denotes asimilarity between the word ‘
 bw ’ and word in document label, ( )   , b lmax w w representsthe 
maximum size either the word  bw and lw . The similarity 
score ranges from 0 to 1.Based on similarity output, the 
output score of each feature is increased from 0. The highly 
correlated features are determined by setting the threshold 
as follows,

( ) , ,    
,                                        

 >
= 


b lSim w w T highly correlated features
H

Otherwise Less correlated 	 (9)

Where, H  denotes an output of determining the highly 
correlated features, T  represents the threshold, ( ) ,b lSim w w  
denotes a similarity between the word ‘ bw ’ and word in 
document label. After that, computing the residual for each 
keyword based on difference between output of actual 
keywords and predicted keywords through the correlation 
score value. 

( )= −actual predictedR H H
	

(10)

Where, R  denotes a residual for each keyword, actualH  
denotes an output of output of actual keywords, predictedH  
represents an output of predicted keywords. Followed by, 
the angle between residual and keyword ‘  kw ’ is computed 
as follows,

1 . cos
 

θ −  
=  

  

T
k

k

R w
R w

	

(11)

Where, θ   denotes an angle, TR   denotes a transpose of 
residual function,  kw  represents the keywords. When the 
angle ‘θ ’ is small, it indicates that keywords closely matched 
the residual vector’s direction, it indicates that strong 
keywords are extracted. As a result, the least angle principle 
directs regression in building accurate text document 
classification with minimal time consumption.

Classification 
The PBiC-CELM method is a text document classification that 
involves categorizing documents into predefined classes by 
analyzing features with semantic relationship. By utilizing 
meaningful features, classification model is accurately 

assign documents to appropriate class. The quality of 
feature extraction significantly influences performance of 
classification. The BCC measures strength and direction of 
linear relationship between two variables such as selected 
keywords and particular class. This coefficient is widely 
used in statistics and data analysis to identify and interpret 
relationships between pairs of continuous variables.

( )( )
( ) ( )( )22

− −
=

− −

w w c c

w w c c

f Af Y Y
BCC

f Af Y Y
	 (12)

Where, wf  denotes a frequency of a particular keyword 
in document, wAf  denotes an average frequency of that 
keyword across all documents, cY  denotes a class label for 
document, cY  mean of class labels.The most commonly 
used measure is Bivariate Correlation Coefficient, which 
ranges from -1 to +1. A value close to +1 indicates a strong 
positive linear relationship. A value close to 0 means no 
clear relationship. From BCC output, each keyword is 
matched with specific class labels, allowing documents to 
be accurately classified based on presence of keywords. 
This correlation-based method enhances accuracy of text 
classification. The final classification results are obtained at 
output layer with softmax activation functions. 

( ) * −= SM t in hiY f h W
	 (13)

( )
( )1
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=

=
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Y
f
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Where, Y   denotes an output of final classification results, 
softmax activation function ‘   

SMff ’ at the output layer is 
used to construct a multiple classification outcomes, kY  
indicates an output for thc  class, k  denotes a total number 
of classes used document classification. In this way, accurate 
document classification results are obtained at output layer. 
The algorithmic description of the document classification 
method is given below. 

Experimental setup  
The proposed PBiC-CELM method along with existing 
methods 3WD-GCN (Jiang et al. 2025), BERT-MultiLayered 
Convolutional Neural Network (B-MLCNN) (Atandoh 
et al. 2023), Latent Dirichlet allocation (LDA) (Qiu et al. 
2024) and two state-of-the-art methods, BERT and LSTM 
are implemented using Python for efficient document 
classification. 

Implementation results 
PBiC-CELM method is comprehensively observed to 
evaluate its effectiveness in analyzing text document 
classification. First, the numbers of text documents are 
collected from the dataset. This dataset includes 1000 text 
documents with 10 various distinct newsgroups document.  
Once text documents is collected, the dataset undergoes 
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Figure 3: text tokenization

Figure 4: Stop word removal

Figure 5: Snowball Stemming output

preprocessing to ensure it is clean, and organized for 
effective text documents analysis. The sample outcomes of 
preprocessing stage are illustrated in Figure 3.

Figure 4 describes the stop word removal. Following 
the tokenization, the PBiC-CELM method performs the stop 
word removal using the Least Angle Regression Analysis 
to identify and retain the most relevant words in text 
documents while discarding less significant ones. 

Figure 5 illustrates Snowball Stemming output. After 
removing stop words, word stemming is applied to reduce 
each remaining word to its root form by using Snowball 
Stemmer. Finally, the sample analysis of preprocessed text 
documents is observed in figure 6. 

The outcome of keyword extraction is shown in figure 
7. The PBiC-CELM applies a dimensionality reduction 
technique using the Least Angle Regression Analysis to 
identify and extract the most efficient keywords features 
while discarding others after preprocessing stage.

Sample classification outcomes of text classification are 
shown in figure 8. In the final stage, the PBiC-CELM performs 
text document classification using bivariate correlation 

coefficient within ELM through extracted features. This 
strategy improves efficiency and accuracy.   

Experimentation Results 
The PBiC-CELM method along with existing methods 
3WD - GCN (Jiang et al .  2025),  BERT-MultiLayered 
Convolutional Neural Network (B-MLCNN) (Atandoh et al. 
2023), Latent Dirichlet allocation (LDA) (Qiu et al. 2024) and 
BERT and LSTM, for classifying the text documents. 

5.1 Evaluation metrics 
Error rate ‘ ER ’: it measures proportion of incorrect 
predictions made by classification model.

1

*100
=

=∑
M

IAC

i i

IMER
IM

		  (15)

Where, the input data samples employed ‘ iIM ’ and input 
matrix inaccurately classified ‘ IACIM ’. It is measured in terms 
of percentage (%).
Keyword extraction time ‘ ET ’: It is measured as the amount 
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// Algorithm 1:  Probabilistic Bivariate Correlative Convolutional Extreme Learning Machine classifier 

Input: Dataset‘ DS ’, News groups ‘ { }1 2, , ,= … NNG NG NG NG , text documents ‘ { }1 2, , ,= …i nTD TD TD TD

Output: text document classification   

Begin

Step 1:  Collect number of text documents ‘ { }1 2, , ,= …i nTD TD TD TD ’- input layer

Step 2:    For each documents iTD
Step 3:         Compute  the weighted sum by the neuron using (1) 
Step 4:    End For 

Step 5:       For each documents iTD - convolutional layer  
Step 6:         Partition the text into words using Gensim tokenizer using (2)

Step 7:       For each word '' jw  in text

Step 6:            For each word '' jw  in predefined stop word list
Step 7:              Measure the probability using Welch’s t-test using (3)

Step 8 ( ): 1=P     if then
Step 9:          identified as stop word  and removed
Step 10:else
Step 11:        identified as normal word  
Step 12:  End if
Step 13:     Apply snowball stemmer to remove word   
Step 14:       End for 
Step 15:      End for 
Step 16:   End for 
Step 17:      For each Pre-processed words do
Step 18:          Regression analysis and it initializes the score value with zero

Step 19:           Measure the similarity ( ) ,b lSim w w  using (8)

Step 20:        if ( ( ) , >b lSim w w T )  then
Step 21:           Identify the correlated  features 
Step 22:       End if

Step 23:  Compute angle  ‘θ ’ using  (11)

Step 24:  if arg min θ   then
Step 25:           keywords extracted 
Step 26:       end if 
Step 27:   End  for

Step 28:      For each keywords  ‘ kw  ----- ELM hidden layers

Step 29:             For each class labels ’ cY
Step 30:              Measure  the bivariate correlation using  (12)
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Figure 6:  Preprocessed text documents

Figure 7: keyword extraction

Figure 8: text document classification

of time taken by algorithm for classifying based on input 
data samples. 

( )
1

*  
=

=∑
M

j PC
j

ET IM Time t
			   (16)

Where, input data samples‘ jIM ’ and time consumed in 
extracting keywords ‘ ( ) PCTime t ’. It is measured in terms 
of seconds (sec).  
Accuracy ‘ Acc ’: This metric evaluates the effectiveness 
of document classification process by measuring the 
proportion of correctly classified documents. 

+
=

+ + +
TP TNAcc

TP FP TN FN
		  (17)

Where, true positive‘TP ’, true negative ‘TN ’, false positive 
‘ FP ’ and false negative ‘ FN ’. 

Precision ‘ Pre ’: it measures the proportion of documents 
that model correctly identified as belonging to a 
particular class out of all documents. 

=
+

TPPre
TP FP

	 (18)

Recall ‘ Rec ’: it measures the ability of classification model 
to identify all relevant documents belonging to a specific 
class. It calculates the proportion of actual documents in 
class that model correctly retrieves. 
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zF1-score: The F1 score combines precision and recall into a 
single metric by calculating their harmonic mean, offering 
a balanced measure of a model’s accuracy. 

*1  2*  − =  + 
Pre RecF score
Pre Rec 	 (20)

Specificity: it is an important metric in text document 
classification, especially for minimizing false positive rates. 

=
+

TNSpecificity
TN FP 	

(21)

Classification time ‘ CT ’: It represents the time required by 
method to document classification relative to number of 
input samples. 

( )
1

*
=

=∑
n

i
i

CT S TM DC 		  (22)

Where, samples ‘ iS ’ and actual time consumed in classifying 
text documents denoted by ‘ ( )TM DC ’. It is measured in 
terms of seconds (sec).

Figure 9 presents Error rate for proposed PBiC-CELM 
and existing 3WD-GCN, B-MLCNN, LDA, BERT and LSTM. 
Result of PBiC-CELM delivers lesser error rate than existing 
approaches. It is achieved due to integration of CELM and 
ELMs.  Keyword extraction is used to extract features and 
passed to the ELM, the bivariate correlation analyzes the 
features frequency in class labels thus reduces classification 
errors. Error rate using PBiC-CELM was reduced by 12%, 
19%, 26% 32% and 40% over 3WD-GCN, B-MLCNN, LDA, 
BERT and LSTM.

Figure 10 presents Keyword extraction time using six 
models. PBiC-CELM method demonstrated lower extraction 
time than other two methods. PBiC-CELM achieved 
reduction in extraction time by 10%, 21%, 33%, 37% and 
40% than 3WD-GCN, B-MLCNN, LDA, BERT and LSTM. This 
improvement is mainly due to the integration of CNN, 
which analyzes the words in text documents by Least Angle 
Regression Analysis thereby reducing extraction time.   

Figure 11 provides accuracy to number of samples. Results 
of PBiC-CELM outperform existing methods in accuracy. 
For example, with 600 samples, the PBiC-CELM method 
reached an accuracy of 0.986, whereas methods 3WD-GCN, 
B-MLCNN, LDA, BERT and LSTM achieved 0.97, 0.965, 0.955, 
0.946 and 0.933 respectively. PBiC-CELM improved accuracy 
3%, 6%, 8%, 10% and 13% when compared to other methods. 
This enhancement is achieved due to use of ELM classifier 
in PBiC-CELM. Bivariate correlation coefficient examines 
keywords with class labels, enabling precise classification 
of text document, which enhances overall accuracy.

Figure 12 shows precision. Among the various models, 
PBiC-CELM displays superior precision compared to existing 
approaches. PBiC-CELM achieved precision by 3%, 5%, 7%, 
9% and 11% than existing methods. This enhancement is 
achieved due to use of ELMs, which enables more effective 
analyses of keywords with class labels. It improves overall 
accuracy by increasing true positive rate while reducing false 
positives in text document classification tasks.

Figure 13 depicts recall. PBiC-CELM illustrates advantage 
in recall than other methods. PBiC-CELM delivers higher recall 
by 3%, 5%, 6%, 9% and 10% than other models. This recall 
is achieved due to the CELM and ELM. The convolutional 

Figure 9: Error rate

Figure 10: Keyword extraction time

Figure 11: Accuracy
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Figure 12: Precision 

Figure 13: Recall  

Figure 14: F1 score  

Figure 15: Specificity

Figure 16: Classification time

component captures deep spatial and structural patterns in 
the input data for identifying subtle or rare features. These 
rich features are then passed to ELM, which performs text 
document classification that detects true positives, thereby 
reducing false negatives and improving recall.  

Figure 14 presents F1-score for proposed and existing 
methods. PBiC-CELM method consistently delivers higher 
F1-scores across varying sample sizes, attributed to its 
extreme learning framework that enhances its ability 
to make accurate text document classification tasks. On 
average, the PBiC-CELM method demonstrates an F1-score 
improvement by 3%, 5%, 7%, 9%, 11% when compared to 
existing 3WD-GCN, B-MLCNN, LDA, BERT and LSTM methods. 

Figure 15 illustrates specificity. Results of PBiC-CELM 
achieved higher specificity compared to existing models. 
With 600 samples, the specificity obtained as 0.971, 0.901, 
0.898, 0.833, 0.816 and 0.797 using PBiC-CELM, 3WD-GCN, 
B-MLCNN, LDA, BERT and LSTM.  PBiC-CELM improved 
specificity by 7%, 9%, 14%, 16% and 21% than existing 
methods. 

Figure 16 presents document classification time. PBiC-CELM 
of classification time is lesser over other approaches. This is 
achieved due to efficient text preprocessing and keyword 
extraction of   within the convolutional and pooling 
layers. These components work together to reorganize 
the document classification process. PBiC-CELM reduces 
document classification time by 6%, 9%, 13%, 17% and 21% 
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compared to existing 3WD-GCN, B-MLCNN, LDA, BERT and 
LSTM methods. 

Conclusion 
A PBiC-CELM is developed for text document classification 
by integration CNN and ELM deep learning model to process 
user-generated content through text preprocessing and 
keyword extraction and classification. Keyword analysis 
and preprocessing is performed within pooling layer of 
CELM to accurately classify social media documents, while 
minimizing processing time. The classification is ensured by 
integrating ELM, using bivariate correlation coefficient to 
maintain high accuracy. A thorough experimental evaluation 
was carried out using multiple performance metrics. The 
proposed PBiC-CELM significantly enhances the accuracy 
of social media text document classification while reducing 
computational time and error rate compared to traditional 
deep learning approaches and state-of-the-art methods.

Limitations and Future Work
•	 The proposed method is designed for text data 

communication with higher accurac y.  But,  a 
huge number of data not considered during data 
communication. Future enhancement will focus on vast 
data for document classification.

•	 The proposed research work uses only one dataset for 
performance analysis. Future research work is suggested 
using various datasets to ensure the applicability and 
scalability of the provided approach.

•	 Proposed method failed to consider the memory 
consumption. Further future work is suggested to 
analyze and reduce the memory consumption involved 
in the text document classification. 
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