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ABSTRACT 
Text classification has become a challenge in big organizations in the 
area of managing large amount of data online. The classification 
usually applied in the tasks of Natural Language Processing. The task 
of organizing large documents in an organization has become quite 
challenging because the internal content of the files are not known. 
Also, manually organizing each and every file in a large collection is 
not practically possible as it may take hours to categorize a file based 
on its contents. In addition, the accuracy of classification cannot be 
guaranteed, due to the text being a set of data that are naturally 
sequential. The research work, attempts to address the issue of 
analysing the document efficiently using multi-level text classification 
approach based on GRU. The recurrent network will be used to 
capture long sequence data required for natural language 
understanding. The performance results of benchmark datasets 
Factory Report, Bookmarks, Reuters, EUR-Lex and RCV show that 
the proposed model performs better than existing algorithms in terms 
of the accuracy in cases of 3 datasets. These include EUR-lex, 
Bookmarks and RCV where the proposed model attained 74.3%, 
100% and 88.44% as against the DSRM-DNN with 62.66%, 47.82 and 
86.83% respectively. However, the DSRM-DNN attained classification 
accuracy of 91.99% for the case of Reuter’s datasets demonstrating 
its superiority against the proposed model which attained 89.83%. 
Additionally, for the case of algorithm run time, the previous study 
ignored the computational time of the algorithms which served as 
index for evaluating the quality of the model. However, this study by 
included the computational time which attained the better run time for 
15 seconds for all the bookmark datasets. On an average, we can 
conclude that it takes less than two (2) minutes for the proposed model 
to run on all the datasets. The result shows that our proposed model 
performs better compared to the DSRM-DNN model. 
 
INTRODUCTION 

The amount of online document has 
increase greatly in recent years with so much 
increase in popularity of the World Wide Web and fast 
advancement in technology which make the text 
documents to become available in electronic form. 
Text document comprises of a large number of 
documents, conference materials, publications, 
journals, editorials, news and information etc.  It is 
therefore of significance to develop methods for 
automatic classifying large collections of text 

documents into predefined classes. Text 
categorization (TC) or Text classification is a means 
of organizing documents into classes by using 
artificial intelligence techniques. Also, text 
classification serves as one of the basic important 
tasks in text mining and means of assigning a 
document into predefined categories of documents 
automatically, based on their contents. Also, Text 
classification is seen as a supervised learning model 
that can classify text documents according to their 
predefined categories. The classification has search 
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engine and is known as Web content for organizing 
text document properly for the efficient way of   
retrieving Web documents. Text classification 
techniques are automatically used in the area such as 
email filtering, medical diagnosis, indexing for 
document retrieval, news group filtering, documents 
organization of word. Text classification has become 
quite challenge for big organizations in managing and 
handling large amount of online data. Usually, can be 
applied extensively in the tasks of Natural Language 
Processing (NLP), in which files/documents can be 
stored effectively so that it can be retrieved whenever 
needs arise (Akhter, et al. 2020). Organizing large 
documents can be quite tasking as the content of the 
files are not known Also, manually organizing and 
searching each and every file in a large collection of 
documents is not practically possible which required 
a lot of time spent to categorize and classified a file 
based on its contents, in addition, the accuracy of 
classification cannot be guaranteed. (Elnagar, et.al, 
2019)  

Furthermore, many files have the same 
titles but putting different request and required 
different treatments. It’s only through analysing the 
content that can be classified correctly. The study 
by Chen, et al. (2018), proposed a model with high 
feature dimension challenges, data was sparse 
and the computation time is long in traditional 
Support Vector Machine. Similarly, the algorithms 
were tested on Arabic text classification, still the 
model experience high dimensionality problem, 
feature space and low precision. 

Also learning of many algorithms is 
complex which lead to increase in parallel data in 
dimension (Boukil, et. al., 2018). In addition text 
data are sequentially in nature and there is a need 
to learn and use long-term dependencies to classify 
sequence data, because a piece of text is a 
sequence of words, which have dependencies 
between them. (Zulqarnain, et.al, 2019). 

Moreover, the major limitation of study, is 
that the method used by deep belief neural network 
ignores semantic extraction and construction of the 
text features which degrade the speed and 
accuracy of the model. Therefore, as suggested by 
Wang, et.al, (2020), to improve the accuracy and 
speed, there is a need to optimize semantic 
extraction and construction of deep belief neural 
network. This suggestion worthy of future research. 
A number of computational intelligence algorithms 

base on deep learning architectures have been 
employed in various areas of text classification. 
Deep learning was spired by artificial neural 
network and has an important role in the recent 
time. It was applied in the areas such as language 
processing, data processing, text classification etc. 

Deep learning algorithm have various 
(deep) layers that enable learning and perform 
multiple tasks repeatedly. Deep learning machines 
has the ability of solving complex problems even if 
the dataset is diverse in Structure and 
unstructured. The deeper learning algorithms is 
fast learning, and performs better than other 
algorithms (Bernard Marr, 2018).  On the other 
hand, Recurrent neural network (RNN) is   
commonly used in speech recognition and natural 
language processing.  The RNN can be used for 
predicting a next word in a given document. The 
algorithm has the ability to remember important 
information across long stretches of time with data 
are stored in sequential form. Motivated by the 
RNN, the research aims to develop an optimized 
deep learning classification method via recurrent 
network base on GRU architecture. 
 
RELATED WORK 

There are similar researches conducted 
in this context so far. Based on the review, 
numerous machine learning approaches have 
been applied to the text classification. For example, 
The study in Lin, et.al., (2018) proposed ARCNN is 
known as attention mechanism Recurrent 
Convolution Neural Network. The ARCNN used 
two dataset namely, news  dataset of  SCHOLAT 
and Fudan University document as the training 
dataset. The ARCNN is applied to classify the 
academic news. The experimental results of the 
ARCNN was compared with RCNN model and the 
results shows that ARCNN performed better.   

Similarly Kilimci and Akyokuş, (2019) 
proposed Long Short- Term Memory (LSTM) is a 
trend to enhance text classification and its was 
used as model for word embedding with deeep 
learning algorithrim. The Word2vec, Glove, and 
Fastext are the three different word embebbing 
models used for word representation of Turkish 
texts. The result shows LSTM performs better than 
RNN with 1% - 6% and CNN 2%-4% accuracy 
Improvement.   
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More so, the study in Zulgarnain, et.al. 
(2019) proposed a Gated Recurrent Unit (GRU) 
designed to overcome the weakness in obtaining 
superior performance in text classification. The 
proposed model shows a better result on two 
benchmark datasets in terms of accuracy. Also, 
GRU obtained better results and performance in 
text classification than that RNN.  

Additionally Wang et al., (2020), 
proposed the DSRM-DNN model used to improved 
speed and accuracy in text categorization 
classification. The four datasets - RCVI-v2, 
Reuters- 21578, EUR-Lex, and Book marks were 
used. After the experiment, the results show that 
DSRM-DNN outperform the compared model. 
Recently, another study by Zulgarnain, et, al. 
(2021) proposed an Encoder simplified Gated 
Recurrent Unit (ES-GRU) for automatic 
categorization of document based on their 
respective group and pre- define classes. The 
model was used for accurate text classification, 
identified important features and removes the 
irrelevant, undesired features. The proposed model 
was evaluated on five datasets and compared with 
six baselines on text classifications approaches. 
The result shows that ES- GRU performs better 
than that of State- of – the- art approaches. 
 
METHODOLOGIES  

The research proposed a deep learning 
framework that uses gated recurrent Unit (GRU) 
and max pool layers to categories text descriptions 
on data collected from numerous sources. The 
operation of the GRU is to learn dependencies 
between the embedding vectors, followed by max 
pooling operation which reduces the sequence of 
features vectors to a single feature vector, and the 
fully connected layer that maps the features to 
binary outputs and lastly the sigmoid operations. A 
sigmoid operation learns the binary cross entropy 
loss between the outputs and the targets. The 
overall structure of the proposed model is 
evaluated for multi-label classification base on the 
accuracy and speed achieved by the model.  Fig. 1 
depict the overall structure and define stages in the 
proposed model. 
 
 
 
 

Figure 1: Structure of the Proposed Model 
The proposed model as shown in Figure 

1 is to increase speed of text classification and 
optimized semantic extraction using deep learning 
neural (GRU and Max Pooling) the network 
presents, procedure in GRU-CNN-based deep 
approach. After data preparation (i.e., label 
assignment, data pre-processing, and data set 
division), model optimization is then conducted. 
This procedure involves several rounds of model 
training with intermittent validations (i.e., validation 
is regularly conducted after model training with one 
batch of training data), which enables the 
production of an optimized GRU base Max Pool 
deep learning model. Then, the model is tested and 
Tokenize and pre-process the text data 
Else return  
Partition the data into training (80&) and testing 
(20%) partitions 
 Create a word encoding  
(For each parameter operations)  
initialize the embedding weights with random 
normal values. 
initialize the GRU operation weights using the 
Glorot function 
initialize the fully connect operation weights using 
Gaussian function 
End 
 
Define model gradient’s function and specify 
training option 
- Train using the Adam optimizer 
- Train the model using a custom training loop.  
(For each epoch) 
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Convert the documents to sequences of word 
indices  
 
-Convert the labels to dummy variables. 
- Convert the sequences to dlarray objects with 
underlying type single and specify the dimension 
labels 'BCT' (batch, channel, time).  
- Evaluate the model gradients and loss using 
dlfeval and the model Gradients function.  
 
Clip the gradients.  
- Update the network parameters using 
the ADAM update function.  
- Validate the network using the model 
Predictions function 
- Update the training plot. 
End 
 
Make predictions on a new set of data and 
calculate the numbers of true positives 
Create a confusion matrix showing the true 
positive, false positive, and false negative counts 
Stop 
 
Experimental Setup 

The developed deep classifier model 
used MATLAB R2021a computer running 
operating system with 12GB RAM and Pentium ® 
Core i7 processor. We setup the deep learning 
model with parameters setting tabulated below 
 
Table 1: Parameter Settings 
Settings Numbers 
Number Epochs 5 
Mini Batch Size 256 
Learning speed 01 
Gradient Threshold 1 
Label Threshold  0.5 
Execution Environment "auto" 
Validation Frequency Number Iterations 

Per Epoch 
Sequence Input 1 
Word Embedding Layer 1 
GRU layer 1- GRU  
Classification Output   Cross entropy 
 

The data was partition into training and 
testing dataset using the cv-partition method and 
word encoding was created to encode object that 
is used in training documents as sequences of 
word. The parameters were defined and initializing 

model by specifying the training options as 
depicted in Table 1. The proposed model was train 
with and optimized using ADAM optimizer. Finally, 
the false negative and false positive were 
calculated. Thus, the validation metrics were 
displayed using counts in a confusion matrix that 
has the true positive and false positive values. The 
proposed algorithm is evaluated using accuracy 
and speed of computation. The performance 
metrics of the model is expressed as: 
 Accuracy = (TP+TN) / (TP+FP+FN+TN)      (1) 
 
RESULT DISCUSSION 

The result obtained after simulating the 
network on MATLAB 2021a is presented here. The 
results are presented in tabular and graphical forms 
which are analysed using standard performance 
evaluation metrics used for deep learning 
applications. The major aims of the research work 
are to design an improved model that can increase 
speed and enhance performance of the existing 
model (DSRM-DNN) for text classification using an 
optimize GRU base Max pooling for word 
embedding. Thus, the dataset was imported into 
the simulation software and fed to model. The 
preceding sub sections of the overall performance 
of the proposed model on the five selected 
Benchmark Datasets and finally, this subsection 
depicts the graphical summary for the overall 
experiment on the five datasets which includes 
(factory, bookmarks, Reuters, EUR-lex and RCV 
datasets) as presented in the figure below. 

 

 
Figure 4:  Performance comparison on different 
datasets 
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Fig. 4 depicts the overall evaluation of 
proposed method on five selected benchmark 
datasets. The result shows that the proposed 
method performed better with the perfect 
classification accuracy of 100% for the case of 
bookmarks dataset within the shortest time of 15 
seconds.  Furthermore, Table 2 below displays the 
performance in terms of accuracy of the proposed 
algorithms against the other existing algorithms 
that uses the same datasets in their research. 
Table 2:  Performance Comparison base on 
accuracy for proposed model against other four 
different existing algorithms 

The algorithms used for comparison in 
Table 2 includes deep neural network (DSRM-
DNN), convolutional neural network base recurrent 
neural network (CNN-RNN), multilayer perceptron 
base decision tree (ML-DT) and multilayer 
perceptron base K nearest neighbor (ML-KNN) 
algorithms respectively. This result is further 
plotted in Fig. 5. For better explanation and 
discussion on how the trend continues. Figure 5 
shows the performance of each compared 
algorithm and GRU on each dataset. 

 

 
Fig. 5 Performance of each compared algorithm 
across the four (4) datasets 

The accuracy score in percent 
determines the rate at which each individual model 
classifies the text correctly. For the case of 
accuracy. The higher the value, the better the 
detection rate and versa. Thus, from Table 2 and 
Fig. 5the performance trend shows that the develop 
model performs better than the previous algorithms 
in text classification for the three (3) cases of the 
datasets. These include EUR-lex, Bookmarks and 
RCV where the proposed model attained 74.3%, 

100% and 88.44% as against the DSRM-DNN with 
62.66%, 47.82 and 86.83%, CNN-RNN with 
53.63%, 40.11% and 85.06%, ML-DT with 30.52%, 
14.80% and 68.74%, ML-KNN with 23.86%, 
33.20% and 77.74%. respectively (See Fig. 5). 
However, the DSRM-DNN attained the highest 
classification accuracy of 91.99% for the case of 
Reuter’s datasets demonstrating its superiority 
against the proposed model which attained 
89.83%, CNN-RNN with 85.55%, ML-DT with 
79.84%, ML-KNN with 59.59% respectively.  

 

 
In general, we can conclude that the 

proposed model has achieved an improve 
classification performance as against the existing 
DSRM-DNN. In general, the proposed algorithm 
has an improved classification method more than 
the existing DSRM-DNN. The accomplishment is in 
agreement with the literature as GRU is one of the 
best algorithms for sequence-to-sequence 
modeling such as the current study of text 
classification. The GRU architecture as describes 
earlier allows for easy modeling of se2seq 
problems using the recurrent gates and long short-
term memory which makes it to recall past values 
from the previous network state.   

Furthermore, as part of our main 
objective to evaluate the computational cost of the 
proposed model, Table 3 shows the average 
computing time taken by the proposed model to 
process each of the text datasets used in the study. 
This result was reported after 10 independent runs 
on MATLAB 2021 for each dataset and the average 
of the time is taken and reported in order to 
ascertain the speed of the model. 
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Datasets Prop
osed 
GRU 
(%) 

DSR
M-
DNN 
(%) 

CNN-
RNN 
(%) 

ML-
DT 
(%) 

ML-
KNN 
(%) 

Euro-Lex 74.3 62.66 53.63 30.52 23.86 

Reuters 89.83 91.99 85.55 79.84 59.59 

Bookmarks 100 47.82 40.11 14.80 33.20 
RCV 88.44 86.83 85.06 68.74 77.74 
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Table 3. Average computing time for the 

proposed GRU base max pool algorithms. 
For the case of algorithm run time, the existing 
study ignore the computational time of the 
algorithms which serve as a means to measure the 
quality of the models. Hence, from Table 3. This 
metric was not reported in the table. However, for 
this research, we extend on the existing study by 
including the computational time that served as a 
means for measuring the quality of the model. 
Thus, from Table 1. The proposed model attained 
better run time for 15 seconds for the case of 
bookmarks datasets. In general, on an average, it 
can be concluded that it takes less than two (2) 
minutes for the proposed model to run on all the 
datasets. Thus, this result is also in agreement with 
the existing literature. Base on the literature, GRU 
have proven to be one of the fastest variants of 
LSTM algorithms and recurrent neural network 
family in general. This is one more reason why we 
choose GRU as the main algorithm for this study. 
 
CONCLUSION 

This research proposed a model gated 
recurrent unit (GRU) that classifies categories of 
text based on described text data collected from 
public domain. The model was evaluated base on 
accuracy and execution time. The experimental 
evaluation on MATLAB 2021a the result shows that 
the proposed model performs better than the 
compared algorithms in terms of the accuracy for 
the three (3) cases. These datasets include Euro-
lex, Bookmarks and RCV where the proposed 
model attained 74.3%, 100% and 88.44% as 
against the DSRM-DNN with 62.66%, 47.82 and 
86.83% respectively. However, the DSRM-DNN 
attained classification accuracy of 91.99% for the 
case of Reuter’s datasets and demonstrating its 
superiority against the proposed model which 
attained 89.83%. In general, it can be concluded 
that the developed model has an improve 
classification in terms of accuracy and speed 
against the existing DSRM-DNN. Additionally, for 
the case of algorithm run time, the existing study 

ignore the computational time of the algorithms 
which serve as a means for measuring the quality 
of the model.  However, the research extends on 
the study by including the computational time as a 
means for measuring the quality of the models. 
Thus, from the experiments, the proposed model 
attained better run time for 15 seconds for the case 
of bookmarks datasets. On an average, it can be 
concluded that it takes less than two (2) minutes for 
the proposed model to run on all the datasets. 
Therefore, this study has proven the suggestion of 
Wang, et.al, (2020) that focusing on the semantic 
extraction and the neural network construction 
optimization can be further improved, in terms of 
accuracy and speed of the system.  
However, a major limitation of this study is that the 
study only focuses on datasets related to only 
English language text. It is recommended that 
further work, should work on investigating datasets 
related to other natural language processing such 
as Arabic, French etc. 
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