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Abstract:  
Medical text classification has a significant impact on disease diagnosis, 
medical research, and the automatic development of disease ontology, 
acquiring knowledge of clinical results recorded in the medical literature. 
Hence, medical text classification is challenging because it contains 
terminologies that describe medical concepts and terminologies. 
Furthermore, the medical data mostly does not follow natural language 
grammar; it has inadequate grammatical sentences. The techniques used for 
text classification give different results comparing to medical text 
classifications, as extracting text and training sets are different. One of the 
most significant text classification models in general and medical text 
classification specifically is CNN-based models. In this paper, many papers 
on medical text classification have been reviewed, and the details of each 
article, such as algorithms, or approaches used, databases, classification 
techniques, and outcomes obtained, are evaluated and outlined thoroughly. 
Besides, discussions were carried out on all the studied papers, which 
profoundly influenced medical documents classification. 
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Introduction  
Nowadays, text classification is necessary for business performance, medical diagnosis, and 
understanding of patients' status, governance, education, and it is essential in almost all 
sectors. The purpose of text categorization is to decide what categories a text to be categorized 
belongs to base on each text's attributes (Jiang et al., 2019; Wang et al., 2020). Text 
classification has numerous applications such as spam detection in email servers, news 
categorization, medical text analysis, sentiment analysis, hate speech in social media, and many 
other applications. The text sources are vast, and the source may be from emails, chats, web 
data, social media, news, user reviews and questionnaires, public speeches, medical and clinical 
records, and other sources, and all these sources are stored electronically. Moreover, text 
sources are rich sources of information. However, extracting observation from a text is 
challenging due to the text's unstructured nature, and the extracting process is time-
consuming. It is noticeable that data complexity increases simultaneously with the variability 
in their structure and format (Aldhoayan and Zhou, 2016; Alam et al., 2020; Zeebaree et al., 
2019; Zeebaree et al., 2021;  Zeebare et al., 2021). Therefore, text classification is still an 
unsolved problem (Minaee et al., 2020) in many fields, especially medicine dataset, because of 
their unstructured nature and high dimensionality. Many techniques and methods are used to 
analyze text, such as text classification and clustering (Severin et al., 2019). These techniques, 
when implemented on different sources of text, show notable and good outcomes. While 
implementing them on medical data and text is still unsatisfied due to the medical dataset's 
properties (Shabanian et al., 2019). 
 
The medical record registers the medical activity process of a patient's disease development 
and its medical history and information during the treatment (Al-Doulat et al., 2019). Medical 
literature is a recorded research document about the diseases and the latest medical results 
(Abiodun et al., 2018; Zebari et al., 2020; Abdulazeez et al., 2020). Because medical data is 
heterogeneous and consist of sensitive and unstructured information, the classification of these 
data requires different methods and techniques(Guo et al., 2020). Moreover, the most widely 
used model is CNN for medical text classification. CNNs, as a supervised deep learning model, 
used in various fields such as text and image classifications, disease diagnosis, and other fields 
(Guohao et al., 2019). The model's ability to learn from complex function representations and 
end-to-end modes in extensive data and multilevel datasets shows performance, and its 
prediction basis is appropriate (Wu et al., 2020). This paper aims to review the literature on 
medical text classification using Convolutional Neural Network (CNN) in various methods. The 
text classification method, medical text classification, and CNN will be reviewed in the second 
section. In this field, Section 3 consists of a literature review, contrasting them. Discussing the 
literature and showing their positive points and drawbacks, followed by sections 4 and 5, 
finalize the article. 
 
2. Background Theory  
In the field of text classification, many kinds of text classification are studied, each of them 
deals with different types of documents and classes, like topic categorization to unearth 
mentioned topics, spam detection, and sentiment classification to notice the sentiment 
generally in available information, especially in social media and news (Sakib et al., 2018;  
Zeebaree and Abdulazeez, 2020), in this paper medical text classification will be reviewed and 
studied. As mentioned previously, text classification has two categories; statistical approaches 
and machine learning approaches (Hindi et al., 2020; Hsu et al., 2020). The Statistical 
approaches are traditional and mathematical models that work in a similar way to computer 
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programs. To accomplish a valuable classification, the amount of information must be short, 
and the dimensionality must be reduced (Jiang et al., 2020). Traditional methods cannot 
classify today's text size and volume. Therefore, the new Machine learning methods for 
classification should be used (Zhu et al., 2020). Text classification in machine learning is based 
on learning principles and models, and it is divided into supervised, unsupervised, and semi-
supervised text classifications (Abiodun et al., 2018; Sakib et al., 2018), as shown in Figure 1. 
Supervised learning regulated the classification problem, and the method will be trained and 
evaluated before starting the actual procedure (Sun and Loparo, 2019; Zhu et al., 2019). 
Unsupervised learning is used when the data labeled cannot be accessed (Li et al., 2019). 
Simultaneously, semi-supervised learning is used when the dataset is partially labeled and 
partially unlabeled (Liu and Chen, 2019).  

 
Figure 1. Text classification 

 
a. Convolutional Neural Networks (CNNs) 
A convolutional neural network is a deep learning model used in many fields such as natural 
language processing and text classification, achieved remarkable progress results while using 
deep learning models (Huang, 2019; Zeebaree and Abdulazeez, 2020)There are other deep 
learning models such as DNN, and RNN, and each model with the specific structure is the basic 
model of deep learning, on which many other models are built (Behera et al., 2019; Zeebaree et 
al., 2019a). Neural networks in general and CNN are considered one of the most potent text 
classifiers with many properties: robustness, self-learning, and adaptability. Biologically, the 
neural network represents the human brain, which consists of neurons and synapses 
organized into layers. The artificial neural networks take advantage of the human neural 
system and consist of many neurons connected to a centralized system. The neural network 
consists of three components; Neurons, the neural network' basic unit in which it receives 
information, perform simple calculations and passes it further to other parts of the neural 
system (Schmidhuber, 2015; Jahwar & Abdulazeez, 2021; Abdulazeez et al., 2020). The second 
component in neural networks is Synapses and weights; they connect the neurons and have 
weight. The last component of neural networks is Bias, which gives more variations of weights 
to be stored. The neural network architecture consists of an input layer, hiding layers in the 
middle, and an output layer (Liu et al., 2020).  Convolutional Neural Networks (CNNs) are 
supervised deep learning models used on different problems such as text and image 
classifications, disease diagnosis, and other areas. It shows success due to the models' ability to 
learn from complex feature representations and an end-to-end fashion in big data and 
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multileveled datasets (Tensmeyer et al., 2017; Sakib et al., 2018), and its prediction base is 
acceptable (Zulqarnain et al., 2020). The CNN architecture comprises three main layers; the 
convolutional layer, the pooling layer, and the fully-connected layers, as shown in Figure 3.   
 

 
Figure 2 -  CNN architecture 

The convolutional layer is the most important layer in CNN and its responsibility to learn from 
the inputs' features (Jacovi et al., 2018). This layer consists of multiple maps; a qualified kernel 
will have convolved the features maps, then the new convolved feature maps pass to a 
nonlinear activation function. In this layer, different maps will be created using different 
kernels (Guo et al., 2017; Behera et al., 2019). In the pooling Layer, the dimension of 
convolutional layers' features will be reduced, and it considers as the second feature extraction 
(Guo et al., 2017; Nowak, 2002). Finally, CNN generally has one or more fully-connected layers, 
which connect all neurons from the previous layer and connects it to the current layer (Guo et 
al., 2017; Nowak, 2002; Zhang and LeCun, 2015). Recently CNN is widely used in natural 
language processing (NLP), such as sentiment analysis, text classification, image classification, 
Intrusion Detection, etc. (Zheng, 2020). Also, it can work on different types of data, such as one-
dimension data to multi-dimension data.  
 
b. Medical text classification 
Medical data is heterogeneous and have different types and forms. The medical data contains 
the patient's sensitive data through the medical treatment process, biological data, genetic 
sequence data, image reports, pathology, cure plans, drug reports, and many other data 
types(Abdulqader et al., 2020). These data are about the records in presence, but they can be 
used for the future by analyzing them. Among these data are sensitive data that must be hidden 
in medical published documents. In short, medical data can be classified into medical images, 
clinical notes, and some other types of data (Liu et al., 2020). Natural languages contain words, 
sentences, paragraphs, and each contains elements with explicit and implicit meanings. 
Understanding these is part of text classification (Zhang and LeCun, 2015). Moreover, this a 
legal problem because the formation of natural languages is different. The text's situation in 
the medical text is much complicated than the natural languages (Yu et al., 2019). X-rays, 
computed tomography (CT), magnetic resonance imaging (MRI), optical coherence 
tomography (OCT), microscopy, and positron emission tomography are medical image data 
(PET). Laboratory test results, physician diagnosis, medications, and therapies are included in 
the clinical text. Physiological measurements (laboratory outcomes, vital signs), demographic 
details, payment, and insurance information are also included in other medical data (Guo et al., 
2017). 
 
c. CNN architecture  
Before starting the implementation of any model or algorithm and after data collection, the 
collected data must be cleaned and classified into training data and test data. These collected 
data vary in structured, structured, semi-structured, or unstructured, especially with medical 
data (Song et al., 2019; Sakib et al., 2018). Then the data after cleaning will be fed to the 
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algorithm. This step is done using the training data to teach the machine to increase its 
predictive accuracy on CNN. When the learned model gets ready, it will be tested using test 
data, and its predictive accuracy will be checked. The model will be accepted if the predictive 
accuracy is more than the desired level (Sakib et al., 2018; Abdulazeez et al., 2020).  The clean-
collected data will be fed to CNN, and the first process is done in the convolution layer. In this 
layer, the ConvNet, the fundamental unit of the model formed. This layer's parameters focus on 
using the learnable kernel, which is a tiny spatial dimensionality. Once the information gets 
into the convolution layer, the layer provides a two-dimensional activation map to the filtered 
data (Sakib et al., 2018). The convolution layer will check the output of neurons that attacked 
specific input regions. Then the layer calculated the scalar product between the local weight 
vector and the input length (Song et al., 2019). Neurons that consist of identical feature maps 
share the weight, thereby reducing the network's complexness by keeping the number of 
parameters low. The convolution layer is also responsible for reducing the model's complexity 
by optimizing its performance by depth, stride, and zero-padding setting (Sakib et al., 2018; 
Wang and Zhang, 2020; Bargarai et al., 2020). CNN model may have more than one pooling 
layer which came after the convolutional layer, which deals with the output of convolution 
layers. The dimensionality of the features will be reduced or cut in the pooling layer.  The 
process of cutting the dimensionality did step by step; therefore, several parameters will be 
reduced, leading to control overfitting in the model (Shankar et al., 2020; Najim Adeen et al., 
2020). Many pooling operations include maximum pooling, average pooling, stochastic pooling, 
spectral pooling, spatial pyramid pooling, and other operations (Wang and Zhang, 2020). The 
last layer on CNN is the fully connected layer responsible for taking the transformed vectors. 
The vectored feature will be integrated to form a model. In this layer, activation functions, such 
as SoftMax or sigmoid, can make the full connection layer a classifier (Shankar et al., 2020). 
This layer's outputs are high-level features learned by convolutional layers and then passed to 
create the output layer. 
 
3. Related Work  
Text classification problems have been thoroughly studied and discussed in many research 
pieces over the last few decades. NLP, is the transformation of a natural language into more 
functional types. The basic principles in text categorization and document categorization have 
not changed. This paper reviews the medical text classification literature, starting with clinical 
data Electronic Health Records, then semantic classification, followed by comments on medical 
platforms, and finally, the text classification from medical image records. Baker et al. (2016) 
proposed a CNN model to classify biomedical text from cancer datasets. The dataset is 
consisting of 1852 biomedical publication abstracts annotated from the hallmarks of cancer. 
They implemented and evaluated two of each SVM-based methods and CNN variants and 
trained ten binary classifiers in the multi-label task, one for each hallmark label. The results 
show that CNN performed better than SVM with an average accuracy of 97.6% and the SVM 
average accuracy is 94.9%. Authors of (Hughes et al., 2017), proposed a CNN-based approach 
to category text fragments at the sentence level. Because of the problem of medical phrases, 
abbreviations, and terminologies, must have a model that solves this problem. Although there 
are many models and mechanisms, they depend on dictionaries, and dictionaries have 
limitations, especially with social determinants of health. Then they compare the proposed 
model with some other Sentence Embeddings, Mean Word Embeddings, and Word 
Embeddings with BOW (bag-of-word). The dataset set that they use is a collection of 15k 
clinical research papers representing a wide range of medical subjects. To automatically learn 
and classify, they used a CNN-based, and they classify the sentences into one of the 26 
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categories in the dataset. The vectors extracted by using the Word2vec model. The maximum 
word length is 50. After comparing it with other models, this proposed model's results show 
that the proposed model has higher accuracy than other models by 0.68% compared with 
others as (0.28, 0.36, 0.36 and 0.51) repeatedly. In (Nii et al., 2018) they presented a new 
method known as CNN-based classification methods to classify the medical data in nursing 
care in Japan to aid and make recommendations. The proposed method works with a word 
vector representation. Four class labels have been used as (Poor, Fair, Average, and Good), and 
for extracting the words, Japanese NLP tools have been used and the features extracted by 
using word2vec. Then the vectors examined the proposed method for finding the most 
extensive output. The total number of text used is (8313), and they compare the results of the 
proposed method with other methods like (softmax, kNN, SVM with linear kernels, and SVM 
with RBF kernels); the results show that in most results, the proposed method is better than 
the other methods. While (Zeebaree et al., 2018), based on CNN, proposed a new method for 
selecting features of cancer types in microarray cancer data. By this method, ten cancer 
datasets were classified and identified. First, the cancer data transformed into an array then 
the cancer data organized as a matrix-vector. Later, the classification of the vectors applied 
using CNN. The performance of the proposed method is compared by using mSVM-RFE-iRF and 
varSeIRF methods. The results of the proposed method are more accurate than the other 
methods, and its terms of decreasing cancer's genes outperformed the other methods in terms 
of decreasing cancer's genes. 
 
Yao et al. (2019) presented a new clinical text classification method as clinical text 
classification Is one of the unsolved problems. Although there are different deep learning 
methods that show significant feature learning results, the clinical test results are unsatisfied. 
They proposed a new method for disease classification by combining rule-based feature 
engineering and knowledge-guided deep learning techniques. Then using CNN for training. 
They first identify trigger phrases; they examine a patient with obesity with 15 comorbidities. 
The document labeled as Y for Present, N for unsent, Q for questionable, and U for 
unmentioned. Then predict classes using trigger phrases using Solt's system. Finally, they use a 
knowledge-guided CNN for training. The results indicate that CNN models perform better than 
Perl implementations in the intuitive task, showing that CNNs are superior learning models for 
more complex tasks. Alternatively, (Yao et al., 2019)proposed another method that combines 
rule-based features and deep learning techniques for medical text classification as clinical 
records are essential in EHR data. The electronic medical dataset contains a piece of rich 
medical information used for medical decisions and research. However, still extracting 
potential information from these datasets for biomedical researchers is the problem. To 
stimulate the identification of biomedical entities and minimize information loss, (Gao et al., 
2019) proposed HDCNN-CRF method for obtaining a large amount of context information. The 
dataset has been taken from the NCBI-disease corpus (National Center for Biotechnology 
Information), 793 Medline abstracts in which 593 used as a training set, and 200 as a testing 
set. The dataset tested on the proposed method and CRF, and CNN-CRF shows that HDCNN-
CRD has higher accuracy than the other two models. The accuracy of HDCNN-CRF is 84.74%, 
while the accuracy of CRF is 83.80%, and the accuracy of CNN-CRF is 80.26%.  While (Yoon et 
al., 2019) proposed the Text Graph Convolutional (Text GCN) model for finding optimal 
features of keyword and expressions in medical datasets. Since the word ordering and 
variation of expression and changing them to natural language processes are challenging 
medical datasets.  Dataset is a Cancer pathology repost dataset taken from SEER registry. The 
dataset includes 10,000 cancer pathology reports. The accuracy of this model is 95%.  Authors 

https://www.ncbi.nlm.nih.gov/
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(Xu et al., 2019) proposed a novel genetic mutation prediction tool called CNNBiGRU, which 
merged CNN with BiGRU, to automate annotated mutation in MSKCC. In the proposed method, 
CNN used as a feature extraction of semantic information, and BiGRU as the mapper of context 
semantic structure. The two-channel model trained then fuse the output features of the two to 
conduct classification. Then they trained and tested their model on a large dataset integrating 
the two sets of files. They completed the research on CNN, BiGRU, BiGRU, LSTM, Bi-LSTM, 
LSTM, Bi-LSTM, Cascade neural network based on CNN and BiGRU, BiGRU, and Parallel hybrid 
neural network based on CNN and BiGRU. The CNN and BiGRU parallel hybrid neural networks 
display the best performance of the six baseline models. RNN processes, so it functions even 
better than CNN.  The text model works well.  CNN is superior to CUDA in its convolution and 
pooling layers and is more appropriate for text classification. Also, (Qing et al., 2019) presented 
a novel unified hierarchical neural network method for A standard classification model for the 
medical text that can be used both in medical records and literature does still not exist. The 
proposed method is known as AC-BiLSTM, and it is a hybrid neural network combined with 
CNN. They took the medical text from the datasets of TCM-Traditional Chinese medicine 
clinical records, CCKS—An open inpatient medical records dataset of China Conference, 
Hallmarks—a corpus of biomedical publication abstracts annotated hallmarks cancer and 
AIM—Activating invasion and metastasis. It is a hallmark of cancers. Besides the proposed 
method, they used CNN, LSTM, RCNN, HAN, SVM, Fasttext, Logistic Regression, and AC-BiLSTM. 
The results of the proposed method are 89.09%, and 93.75 improved higher than TCM and 
CCKS. The proposed model indicates the rate of 12.47%, 4.38% compared to CNN on TCM and 
CCK. Several text classifiers like RCNN, HAN, and AC-BiLSTM, but the findings show that the 
suggested method counting approach is more effective since they used the attention process in 
word and sentence levels to retrieve essential terms. Besides, (Liu and Chen, 2019) proposed 
an algorithm that determines the group to which the disease belongs based on a user's 
definition of the disorder, which mainly involves informal terminology. Social media is an 
inexhaustible source of knowledge on a wide variety of subjects. A growing number of people 
are using social media to discuss and share wellbeing. It is a valuable source that could 
potentially be used for learning and exploitation. The writing is uncomfortable due to casual 
comments and harrowing word extraction. 
 
Another source of information in the medical area, is the biomedical figures containing stored 
information in figures as Radiography scans or stored information in the text as Gene sequence 
or combination between the two models. Extracting text information from these biomedical 
figures is essential. Almakky et al. (2019) presented a new approach of text localization in 
biomedical images. The proposed method is based on a DCNN architecture. They used 500 
biomedical figures containing 9308 text regions collected from 288 open-access articles 
selected from PubMed Central. Banerjee et al. Banerjee et al. (2019) proposed a model for 
extracting information from free-text reports that include medical images, and they proposed 
two learning models; CNN Word-Glove and Domain phrase attention-based hierarchical 
recurrent neural network (DPA-HNN). They used 227,809 radiology reports from the medical 
center at Duke University, 117,816 reports from Stanford University, and 12,091 reports from 
Colorado Children's Hospital between 1998-2016. The model trained using 4512 selected 
reports randomly. The experimental results show that the proposed model trained on a single 
dataset performed better than the PEFinder, which trained on multi-datasets with an accuracy 
of 99%. The best F1 score for PE in an adult patient population was 0.99 (DPA-HNN). For 
pediatrics, the population was 0.99 (HNN), which shows that the deep learning models being 
trained on adult data demonstrated generalizability to the pediatrics population with 
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comparable accuracy. Because the Electronic Health records and clinical data is one of the most 
valuable medical data sources, Pan et al. (2020) suggested an innovative approach based on 
BERT and attention mechanism, called FAMLC-BERT (Feature-level Attention for Multi-label 
classification on BERT), the suggested method takes unstructured medical history information 
from Electronic Health Records (EHRs) and predict diseases. ERH data are in text format and  
are punctuated with misspellings and incorrect grammar. Using their proposed method, they 
compare many methods, CNN, RNN, and BERT, using Text CNN, fastCNN, Text-RNN, Han, XML-
CNN, CRNN, and Bert benchmarks. They found that BERT model has higher performance than 
other models. Also, the FAMLC-BERT performed fast than other models by 20%. Guo et al. (Guo 
et al., 2020), one of the medical text classification problems, understands the meaning of some 
particular words correctly, especially the words with semantic information. Particular words 
must be captured by using special techniques such as CWU (Context Weight Unit). Although 
techniques as CWU can extract and highlight the semantic meaning of words, its ability is 
limited in this area. Therefore, the authors of this article proposed a new mechanism called the 
self-attention mechanism. The proposed method used the CWU, Region-adjacent embedding 
(RAE) to classify the Chinese electronic medical records with quantities of popular feature 
extraction models. The used vocabulary size is (3920), and they text_CNN and BiLSTM with and 
without RAE. The results show that they are more accurate in most test cases when RAE is 
using with them. 
 
Pathologists are expected to conduct a large volume of pathology reports yearly. Then 
information must be extracted from these reports for making the decision or doing researches. 
Although there are many ways for information extraction, the authors of (Alawad et al., 2018) 
proposed a training scheme with two stages; Multi-task learning (MTL) and the TM-CNN 
model. in this first stage, the MTL scheme used to train the MT-CNN model. 942 corpus of 12 
classes of cancer has been used with an average length of 469 words, and the results show that 
the presented method is accurate, with 95%. Also, (Jin et al., 2020) proposed a hybrid deep 
neural network model and image segmentation model for Chinese text emotion recognition 
(TBLC-retention) for dataset taking from consumers' comments about cold medicine from an 
e-commerce platform. The proposed method combines BiLSTM and CNN with attention 
mechanisms; they obtained the contextual semantic from the comments, then they extract the 
local semantic features. Several words from the comments are (20,135). The new model 
performance proposed is higher than the other model, and the accuracy was 99%. In (Ashraf et 
al., 2020), because the accuracy of classified medical images is very important, training-testing 
methods are essential, and based on training records, the process of classification and 
representation will be done. Ashraf et al. (2020) proposed a novel CNN-based algorithm for the 
image classification by using training-testing methods. Twelve classes have been used; 11 of 
them are from cancer image archives in a public dataset. Other Twelve classes are taken from a 
website with open-access, Messidor, for knee images. Each class contains 300 images that are 
mean the overall images are 3600 images with 12 different classes. 2520 images were used for 
training, and 1080 used for testing. The proposed algorithm results show that the algorithm's 
accuracy is 100% with brain and prostate images; it ranges between 97.8 to 99.9 for chest, 
breast, pancreas, colon, soft tissues, and Esophagus. Then (Ismail et al., 2020) developed CNN-
regular pattern discovery model was proposed to detect knowledge from unstructured medical 
health records related to disease prediction. Medical data from patients with three common 
diseases were collected, then significant factors were chosen to detect the relationship 
between specific diseases. Besides, to drive the required understanding, the positive and 
negative correlated factors analyzed by the co-occurring parameters are selected. 4, 759, 777 
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medical records are included in the analysis, and the algorithm's precision reached around 80 
percent. 

Table 1- Overview of the literature in medical text classification using CNN  

Ref.   Dataset  Technique(s)  Accuracy Pros and Cons   
(Baker et al., 2016) 2016 1852 

biomedical 
publication 

CNN based 
method  

94.9% Higher accuracy than SVM in 7 tasks 
out of 10, SVM show better 
performance in some tasks.  

(Hughes et al., 
2017) 

2017 15k clinical 
research 
papers 

CNN-based with 
word2vec 

68% The accuracy is not high, although 
compared with other methods, it is 
higher.  

(Nii et al., 2018) 2018 8313 text 
sets from 
different 
years (2006, 
2007, and 
2008) 

CNN- based 
classification 
method 

Not clear Good classification performance  

( Zeebaree et al., 
2018) 

2018 Cancer 
datasets  

CNN 100% 
accurate  

Very high accuracy and useful od 
classification of the cancer gene.  

(Alawad et al., 
2018) 

2018 942 corpus 
of 12 classes 
of cancer 
with an 
average 
length of 469 
words 

MTL and TM-
CNN 

95% Extracting medical text information is 
challenging; they could reach a high 
accuracy by using the proposed 
models.  

(Yao et al., 2019) 2019 22,285 
training set 
and 15,442 
Test set  

Knowledge-
based CNN and 
Perl 
implementation  

Not clear Knowledge-based CNN performs 
better than Perl implementation. 
However, the knowledge features 
part does not improve, and instead, it 
adds noise and unrelated CUIs to 
previous works.  

(Gao et al., 2019) 2019 793 Medline 
abstracts 
From NCBI-
disease 
corpus 

HDCNN-CRF 84.74% HDCNN-CRF compared with BiLSTM-
CRF is more accurate, and the 
accuracy of the proposed method is 
84.74%, and BiLSTM-CRF is 84.18% 
is a little less. Nevertheless, the Recall 
for the second method is higher than 
the proposed method.  

(Yoon et al., 2019) 2019 10,000 
cancer 
pathology 
reports 

Text GCN 95%  The proposed method's accuracy is 
very high and can be implemented on 
other document classification and 
NLP.  

(Xu et al., 2019) 2019 Kaggle 
competition 
for 
Redefining 
Cancer 
Treatment. 
3320 records 
for the 
training set 
and 3320 
records for 
the test set 

CNNBiGRU Accuracy 
increased 
by 19.1%  

CNNBiGRU compared with the other 
six models and show the best 
performance among them. The result 
would be better if they show the 
relationship between gene and 
mutation.  

(Qing et al., 2019) 2019 196,537 set 
of data from 
TCM, CCKS, 
Hallmarks, 
and AIM 

BIGRU 89.09% 
for TCM 
93.75% 
for CCKS 
97.73% 
for AIM 
75.72 for 
Hallmarks 

The accuracy in Hallmarks is not fair 
or less than the other methods 
because it works fine with medical 
records than the medical news.  
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(Liu & Chen, 2019) 2019 19,824 
patient 
description 
texts from 
DingXiangyis
heng's  
question and 
answer 
module 

MSMTC 87.65% 
 

The method proposed would automat
ically extract words from 
medical media texts without any usua
l word references. Trying to deal with
 the network's terms and non-
standard vocabulary. 

(Almakky et al., 
2019) 

2019 DeTEXT 
dataset  

DCNN 
architecture  

91% Although other methods such as 
(MSER) shows higher accuracy than 
the proposed method, they found that 
there were missed truth boxes in the 
previous method that the proposed 
method is covered.  

(Banerjee et al., 
2019) 

2019 More than 
367,000 
radiology 
reports 

CNN Word-
Glove and DPA-
HNN 

99% The suggested model improved high 
accuracy by 99% for single institution 
datasets, but it has not the same 
accuracy with multiple datasets  

(Pan et al., 2020) 2020 Text from 
Chinese 
Electronic 
Health 
Records 
(EHRs) 
including 
300 
benchmarks 
with default 
pre-trained 
Word2Vec 
embedding 

FAMLC-BERT The 
proposed 
model is 
higher 
than 
FAMLC-
BERT by 
10.2% 

FAMLC-BERT performed faster than 
other methods, but they did not show 
the number of datasets and types of 
text; besides, they test the proposed 
model only on Chinses language that 
the results will be different if 
compared with other languages such 
as the English language. 

(Guo et al., 2020) 2020 3920 RAE mechanism 
based on text 
CNN and 
BiLSTM  

93% The proposed method has higher 
accuracy than the other methods. 
However, the results show that it has 
not the same accuracy with different 
sizes. For instance, size 5 and 7 has 
better accuracy than size 6, without 
knowing the reason.  

(Jin et al., 2020) 2020 Consumer's 
comment on 
e-commerce 
and the size 
is 20,135 

TBLC-retention 99% Very high accuracy, but the time of 
training is long.  

(Ashraf et al., 
2020) 

2020 3600 
Medical 
images 

CNN-based 
algorithm  

100% for 
brain and 
prostate 
images 
ranging 
between 
97.8 to 
99.9 for 
chest, 
breast, 
pancreas, 
colon, soft 
issues, and 
Esophagus 

Very high accuracy with different 
medical datasets, but the execution 
time is high  

 
Nugraheni et al. (2020) proposed and experimented with the status of COVID-19 with the CNN 
model within a short text.  The short texts have been collected from news titles after cleansing 
them using the votes-based mechanisms. The cleaned and labeled new titles are tokenized and 
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vectorized to be transformed into matrix input for the model. then the situation of COVID-19 
events classified by using categorial output. 20,431 news titles were collected by searching the 
keywords “covid” and “corona,” The collected data have been cleaned, and 16,833 data 
remains. More than half used the remaining data for training (13,116) and the rest for testing 
(3,717). The results show that the proposed method had an accuracy of about 85%. 
 
4. Discussion  
The classification task is one of the most critical issues in machine learning, and many 
researchers are dealing with text classification in different sources. Many methods, algorithms, 
and techniques have been used, and one of the most powerful algorithms for dealing with 
classification in general and text classification in specific is CNN. In Table 1, 17 works on 
medical text classification based on CNN reviewed in this paper. The accuracy of CNN-based 
models in 8 works of literature out of 16 is more than 90% (between 90% to 100%), and they 
have different size of datasets varying from thousands to hundreds of thousands, which 
ensures that the number of datasets and its type does not affect the accuracy of CNN-based 
models. Also, CNN-based models show significant results when it deals with the disease 
datasets, especially cancer datasets. Extracting and classifying cancer datasets have the highest 
accuracy, from 95% to 100%, and this is higher than other compared methods. The proposed 
models ensure that the number of datasets does not affect accuracy. It only affects the time of 
learning and execution. Finally, CNN–based models have less accuracy with the medical texts 
from websites, clinical research, and patient descriptions because the medical sentiment texts 
are multidimensional and do not follow standard grammar, making the training process 
difficult. In contrast, affects the accuracy of the model.  
 
5. Conclusion 
This paper has shown an overview of medical text classification based on Convolutional Neural 
Networks (CNNs). CNNs are supervised deep learning models used on different problems such 
as text and image classifications, disease diagnosis, and other areas. The literature shows that 
CNN has different methods, techniques and models to deal with medical text classification and 
many new algorithms proposed based on CNN. The proposed methods achieved high accuracy 
results with disease datasets, especially with cancer datasets, and number of datasets not 
affected the accuracy either they are a large amount of datasets or not. Nevertheless, medical 
sentiment texts’ results have less accuracy because of their multi-dimensionality. Therefore, 
classification of the medical sentiment text worthy more additional study and more algorithms 
and models to be implemented to improve the accuracy of these texts for the importance these 
texts have in medical literature.  
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