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Abstract 
 
Open-source and online Q&A communities make use of tags and keywords for indexing, classification, and thematic search. In this study, we 
propose TagBERT, a novel model for recommending tags on new questions, which makes use of a combination of deep learning and BERT 
models. In this model, first, the processed sentences are converted into numerical vectors by means of the BERT tokenizer. Next, the attributes 
are extracted using the CNN network, and, afterward, the DNN network is trained on the extracted attributes in order to recommend tags. To 
evaluate our model, we used four datasets, i.e. Free-code, UNIX, WordPress, and Software Engineering. Our proposed model obtained the 
highest precision score over baseline deep-learning and conventional methods. In contrast to previous studies in which precision was 
significantly reduced as a result of increased recommended tags, the precision of our model did not remarkably vary with an increase in the 
number of tags. 
 
Keywords: Tag recommendation, Online Q&A communities, Open-source communities, Classification, BERT. 
 

 
 
1. Introduction 
 
Tags have recently become popular as a useful way of 
organizing and summarizing user-generated content due to 
their ease of indexing and user involvement. A tag is a 
keyword that describes the content and facilitates the 
classification of keywords as well as the search for 
information. The unique ability of tags to group and share 
information has changed the way people use information [1,2]. 
Tag recommendation is aimed at describing and organizing 
the content of objects. It not only improves the user experience 
by contributing to the disambiguation of queries but also may 
enhance the quality of the produced tags and indirectly 
improve the quality of information retrieval services so that 
the users could achieve more appropriate results in their 
queries. In addition, effectiveness is of great importance, 
given that weak recommendations will both lead to user’s 
dissatisfaction and ultimately cause damage to information 
retrieval services [3]. 
In open-source or Q&A communities, objects include project 
name or question title, project description or reply to 
questions, and tags. When a developer sends a question to a 

Q&A community or shares a project in an open-source 
community, the website requires them to select several tags 
for the post. Free-code, for example, allows the users to create 
more than 10 tags for each post [4]. 
In this study, we make use of a BERT-based deep-learning 
model. BERT [5], which stands for Bidirectional Encoder 
Representations from Transformer, has proved to be useful for 
various NLP tasks such as questions and answering natural 
language inference. In contrast to directional models, which 
read the input text either from the left or from right, the 
transformer encoder reads the words without direction, which 
helps it to learn the context of a word both on the left and on 
the right. 
In this paper, we will report the results of the implementation 
of our model on four datasets, i.e. Free-code, Wordpress, 
Unix, and Software Engineering, which are online Q&A and 
open-source communities, and compare the results with those 
of TagCNN (based on the convolutional neural network) [6], 
TagRNN (based on recurrent neural network) [7], TagHAN 
(based on hierarchical attention networks) [8], and TagRCNN 
(recurrent convolutional neural network) [9] which are widely 
used for classification of texts. We also compare our results 
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with traditional approaches to tag recommendation including 
TagMulRec [10], EnTagRec [11], and FastTagRec[12]. 
Given the conclusion drawn in [4] that all deep-learning 
methods cannot provide better results than traditional 
methods, our main question is whether a BERT-based deep-
learning method can lead to better results than traditional tag 
recommendation methods. 
The paper is organized as follows. Section 2 reviews the 
previous studies of tag recommendation. Section 3 describes 
the proposed method. In Section 4, the evaluation results are 
presented and Section 5 draws some conclusions. 
 
2. Literature Review 
 
In recent years, researchers have proposed various methods of 
tag recommendation. In general, tag recommendation 
methods can be divided into six categories based on their 
underlying techniques. This categorization was provided by 
Belém et al. [3] in 2016. By surveying the majority of studies 
conducted after [3], we observed that these categories are 
implied in almost all of the studies. Following is a brief 
description of the six categories. 
 
2.1. Co-occurrence-Based Methods 
 
These methods recommend tags for a new object by using the 
community rules and the previously allocated tags to existing 
objects. This makes them dependent on a large set of tagged 
data. The main challenge here is the high complexity of 
computation due to the number of tags which grows 
exponentially. Co-occurrence-based methods may be 
seriously affected by a lack of previous information about the 
target (i.e. cold start). Examples of these methods are [4, 13, 
14]. 
 
2.2. Graph-Based Methods 
 
Graph-based methods extract the recommended tags from the 
neighborhood of the object in question. The nodes are objects 
and the vertices represent the similarity between objects. 
Graph-based methods are less affected by the cold start 
problem than are the co-occurrence-based methods. However, 
they suffer from the noise produced by content and textual 
features. Studies that fall within this category are [15,16,17]. 
 
2.3. Matrix Factorization-Based Methods 
 
These methods take the tag as a model matrix and try to reduce 
the dimensions of the matrix. Their aim is to recommend tags 
by predicting the relationships among users, tags, and objects. 
These methods work well in cases where there is sufficient 
data about users, tags, and objects. Also, the noise will 
decrease as the matrices become smaller in size. Examples are 
[19,20]. 
 
2.4. L2R-Based Methods 
 
As tag recommendation is modeled as a ranking problem in 
which more appropriate results are recommended first, these 
methods are considered as a natural approach to this task. 
L2R-based methods recommend tags as a feature vector by 

learning automatically from a training set. These methods seek 
to automatically combine the qualitative variables and features 
of the tag and produce a model which ranks these features in 
terms of scores or positions based on the aim of the 
recommendation. L2R-based methods can make use of many 
features of ranking functions and, in addition, can be easily 
extended to cover more objective functions and features. Their 
main disadvantage is the time required for learning tag 
recommendation models. However, the training phase can be 
performed off-line [21,22]. 
These methods have been pursued in [21,22,23,24]. 
 
2.5. Content-Based Methods 
 
Content-based methods recommend tags based on the content 
of the target and its related features or the target user’s 
features. These methods are usually used to mitigate the cold 
start problem. In problems which are approached through 
content-based methods, there is much noise in content and 
textual features to be dealt with [25]. Examples of these 
methods are [26,27,28,29]. 
 
2.6. Clustering-Based Methods 
 
These methods group objects and tags and recommend 
representative tags from the cluster of the target object. 
Clustering is an interesting strategy for reducing the 
dimensions of the problem. These methods produce 
representative tags by using the relationships among clusters. 
Representative tags may not be general enough; therefore, 
clustering-based methods are the least useful for describing 
specific content or separating such content from others. In 
recommending a tag for a new object, the object is first put in 
a cluster (or class) and the tags attributed to that cluster will 
be then recommended for that object. An instance of these 
methods can be observed in [30]. 
As stated in [3], what is important about the studies conducted 
so far is that most of them seek to combine multiple methods 
and data sources to achieve an optimum solution. In 
[33,34,35,36], for instance, co-occurrence-based, content-
based, and L2R-based methods are used simultaneously for 
tag recommendation. 
After putting the problem in one of the above six categories, it 
is important to adopt a suitable approach to solve the problem. 
In recent years, deep-learning algorithms have been 
successfully utilized in some cases to find more optimum 
answers than traditional methods.  
In 2019, Zhou et al. [4] compared traditional tag 
recommendation methods with deep-learning algorithms on 
different datasets. They compared three traditional methods, 
i.e. En-TagRec, TagMulRec, and FastTagRec, with TagCNN, 
TagRNN, TagHAN, and TagRCNN.They concluded that 
TagCNN and TagRCNN were superior to the traditional 
methods on all their data sets while the other deep-learning 
methods did not achieve desirable results. 
 
3. The Proposed Solution 
 
In this section, we first state the problem of tag 
recommendation for textual data and then apply our TagBERT 
method to solve this problem. 
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The main question in the tag recommendation problem is how 
we can automatically recommend a set of tags for a new object 
in a set of objects which are already tagged. We developed the 
TagBERT model to answer this question. This model falls 
within the category of co-occurrence-based and content-based 
methods. 
Figure 1 illustrates how TagBERT solves this problem. The 
figure is divided into eight parts (A-G).  
Part A is the input unit of TagBERT. The input is composed 
of three parts including ID, text, and tag. We have selected the 
data used in [4] so that we could compare our results with that 
study. The data are XML files that hold different pieces of 
information about the above-mentioned open-source and 
Q&A communities. As described earlier in the introduction, 
we need to extract project name or question title, project 
description or answer to the question, and tags. The Data 
Cleaning component processes the extracted attributes 
through actions such as transliterating, removing HTML tags, 
removing characters other than numbers and digits (?, [, ], =, 
<, etc.), removing less frequent tags [4], removing stop words, 
removing the space before and after opening or closing HTML 
tags, and removing multiple spaces. Next, the title of the 
project or the question title, the project description or, and 
every tag are given a binary value. The value is 1 if the tag has 
been assigned to an object; otherwise, it is 0. Each row of the 
table is considered as an object. The set of these objects makes 
up the input.  
Part B of Figure 1 illustrates the preparation of objects for 
being delivered to the BRTT module. For this purpose, the ID 
and text sections of the object set are divided into several 
portions. Each portion has a size of 32.  
In part C, each portion created in B undergoes tokenization. In 
this operation, an ID is allocated to each token and the length 
of all objects is set to the length of the largest object in that 
portion. In doing so, tokens with an ID of 0 are added to the 
end of shorter objects in order to make all objects of equal 
length. Each portion is now sent to the BERT module. The 
BERT component consists of 12 encoder layers and a large 
feed-forward network comprised of 768 hidden units and 12 
attention heads. BERT takes a sequence of words as input 
which are constantly streaming on the stack. Each layer 
applies self-attention and transmits the results to the next 
encoder through a feed-forward network. Finally, BERT 
module performs the sentence embedding of objects. 
In part D, a CNN and a DNN receive the sentence embedding 
created by the BERT module along with the tags in order to 
perform classification and specify the probability of each tag 
being appropriate for each object. 
Part E shows the CNN model. In this part, each embedded 
sentence is given to CNN as input. In CNN, each input is 
inserted into a matrix in which each row represents an 
embedded word and then pushed through the convolution 
layer. The convolution layer scans the text and decides 
whether or not each attribute is compatible with the 
corresponding tag. Finally, the max pooling technique is 
utilized to reduce computation complexity in CNN. This 
technique decreases the output size from one layer to another 
by selecting the largest element in the pooling window. 
TagBERT makes use of a CNN in which the size of regions is 
set as (2,3,4) and there are 50 filters for each region. 
Part F shows the structure of DNN. DNN has been designed 
to learn by multi-layer connection in a way that each layer only 

receives the connection from the previous layer and provides 
the connections of the next layer in the hidden unit. In 
TagBERT, the output of CNN is given as input to DNN with 
256 units in order to conduct the learning process. The 
limitation in the output layer is a multi-label problem in which 
each object can have several tags. By examining all tags for 
all objects, TagBERT turns the multi-label problem into a 
binary problem. Thus, for every tag, it asks whether the tag 
belongs to the object in question or not. As a result, the 
sigmoid function is used for two classifications in the output 
layer. 
In part G, a limit is determined for the values produced by 
sigmoid function which range between 0 and 1. This limit is 
then used for tag recommendation. In our study, this limit was 
specified as 0.92. Tags with a value greater than this limit will 
be recommended for the object; otherwise, they will not be 
recommended. 
 
4. Experiments 
 
As in [4], we repeated the model 10 times and reported the 
average values as the results. 
We randomly selected 10000 objects from the datasets as our 
test set (𝑉) and used the rest of the objects for the training 
process. 
For every object in our test set (𝑂! ∈ 𝑉), a maximum of K tags 
were presented for creating the set of recommended tags 
(𝑇𝑅!") if the object was qualified as being able to have K tags. 
 
4.1. Evaluation 
 
All experiments were performed on Ubuntu v18.04 on a 64-
bit system with Intel Core i7 and 64 GB of RAM. The model 
was implemented using the open-source library TensorFlow. 
To be compatible with the results presented in [12,31,32], we 
evaluated the recommended and actual tags using Recall@K, 
Precision@K, and F1-score@K. 
We calculate Recall@K!  using equation (1). Also, equation 
(2) is used to calculate Recall@K for all objects in the test set 
(𝑉). 
 

Recall@𝐾!	=/
𝑅𝑒𝑐𝑎𝑙𝑙@𝐾! =	

$%&!
"	∩	(!%$
"

, |𝑂!𝑇| > 𝐾

𝑅𝑒𝑐𝑎𝑙𝑙@𝐾! =	
$%&!

"	∩	(!%$
(!%

, |𝑂!𝑇| ≤ 𝐾
		 	 	 	 	 	 (1)	

	

Recall@K	=	∑ &*+,--@"!	
|%|
!&'

|0|
			                                                 (2) 

	
Precision@K! is calculated using (3) and equation (4) is used 
to calculate Precision@K for all objects in the test set (𝑉). 

Precision@𝐾!		=	
$%&!

"	∩	(!%$
"

	                                        (3) 

Precision@K	=	∑ 12*+!3!45@"!	
|%|
!&'

|0|
                                  (4) 
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Figure. 1. The workflow of TagBERT 
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Finally, F1-score@ K!  is calculated by combining 
Recall@K!  and Precision@K!  according to equation (5). 
F1-score@K for all objects in the test set (𝑉 ) can be 
calculated using (6). 

F1-score	@	𝐾!		=	2.
12*+!3!45@"!		.		&*+,--@"!	
12*+!3!45@"!	7	&*+,--@"!	

	 																				(5) 

F1-score	@K	=	∑ 89:3+42*	@"!	
|%|
!&'

|0|
	 	 																				(6) 

We use TagBERT for training on pre-processed data and 
make use of the test set for evaluating the model based on 
the mentioned criteria with K=10. The results of the 
experiments are presented in Tables 1 to 6. 
 
5. Results 
 
Tables 1 to 3 contain five columns. The first column 
represents the methods of tag recommendation. Rows 1-3 in 
this column are traditional methods while rows 4-7 are 
deep-learning methods and row 8 is our proposed method, 
i.e. TagBERT. Columns 2-5 in these tables represent the 
four datasets investigated in our study. 
Table 1 lists the results of F1-score. As this criterion is a 
combination of recall and precision values, it is regarded as 
an important evaluation criterion. As can be seen in Table 
1, TagBERT performs better than the best performance of 
traditional methods by 10.1 percent on Free-code dataset. It 
also shows a slight improvement in comparison with the 
best deep-learning method. Overall, Software Engineering 
dataset has resulted in a 9.8-percent improvement in the best 
method of previous studies. TagBERT has also created 5.8 
and 11.3 percent of improvement on Wordpress and Unix 
datasets, respectively. It should be noted that, due to the 
large number of classes and fine-grained classification of 
objects in tag recommendation problems, it is extremely 
difficult to achieve high levels of precision and F1-score in 
this type of problem. 

 
Table 1: Comparison of TagBERT with traditional and 

deep-learning methods on F1-score@10 

  
Table 2 presents the results of precision. As can be seen, 
TagBERT has created an improvement of 10.2, 14.1, 9.2, 
and 16.7 percent on Free-code, Software Engineering, 
Wordpress, and Unix. 

Table 2: Comparison of TagBERT with traditional and 
deep-learning methods on Precision@10 

 
Table 3 presents the results of recall. It can be seen that our 
model is weaker than the other models in terms of recall. 
The reason is that we have attempted to establish a balance 
among the criteria and achieve acceptable precision. As a 
result, the parameters of our model have been set in a way 
that an acceptable level of accuracy could be achieved for 
both recall and precision, in contrast to previous models in 
which precision decreases significantly as the number of 
recommendations increase. 
 
Table 3: Comparison of TagBERT with traditional and deep-

learning methods on Recall@10 

 
Tables 4 to 7 contain three columns. The first column 
represents the methods of tag recommendation. Rows 1-3 in 
this column are traditional methods while rows 4-7 are 
deep-learning methods and row 8 is our proposed method, 
i.e. TagBERT. Columns 2 and 3 show the results of 
evaluation of precision for K=5 and K=10. 
Table 4 lists the results for Free-code dataset. TagBERT has 
led to a reduction of only 1.63 percent in precision with 
increase in the number of recommendations whereas 
TagCNN, which has the highest precision among previous 
methods, has led to a reduction of 21.1 percent. Table 5 
shows the results of Software Engineering dataset. In this 
dataset, TagBERT shows a reduction of 0.9 in precision 
while TagCNN, which has performed better than the the 
other previous methods on this dataset, has led to a 
reduction of 17.8 percent. The results of Wordpress dataset 
are displayed in Table 6. Reduction in precision is only 1.7 

Method 
Site Name 

Free code Software 
 Engineering Wordpress Unix 

TagMulRec 36.4 25.2 26.6 27.1 
EnTagRec 36 24.8 30.5 - 

FastTagRec 33.2 25.7 28.3 28.2 
TagCNN 45.3 36.5 35.6 36.7 
TagRNN 20.8 21.6 27.6 29.1 
TagHAN 23.3 22.1 28.0 29.2 

TagRCNN 39.2 28.7 32.8 35.2 
TagBERT 46.5 46.3 41.4 48.0 

Method 
Site Name 

Free code Software 
 Engineering Wordpress Unix 

TagMulRec 24.5 15.3 16.3 16.9 
EnTagRec 23.9 15.1 18.6 - 

FastTagRec 21.9 15.7 17.3 18.2 
TagCNN 29.7 22.5 21.9 23.1 
TagRNN 13.8 13.5 17.0 18.4 
TagHAN 15.1 13.6 17.2 18.3 

TagRCNN 25.8 17.7 20.3 22.2 
TagBERT 40.2 36.6 31.1 38.9 

Method 
Site Name 

Free code Software 
 Engineering Wordpress Unix 

TagMulRec 75.8 70.4 72.5 68.2 
EnTagRec 77.3 69.7 86.4 - 

FastTagRec 82 70.8 76.5 72.2 
TagCNN 94.9 96.1 94.5 89.9 
TagRNN 41.6 53.5 73.1 69.0 
TagHAN 48.4 59.9 76.0 72.7 

TagRCNN 81.6 76.4 86.3 84.8 
TagBERT 64.4 76.0 75.6 74.3 
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percent for TagBERT while TagCNN has led to a reduction 
of 17.8 percent. Finally, the results of Unix dataset are 
represented in Table 7. On this dataset, our proposed model 
has only led to a reduction of 0.5 percent in precision with 
increase in the number of recommendations while 
TagRCNN, which has had the highest performance with 
K=5, has faced a reduction of 19.4 percent as the number of 
recommendations increased to K=10. Overall, it can be 
concluded that, with increase in the number of 
recommendations, TagBERT has led to the least amount of 
reduction in precision while the other models have suffered 
a significant reduction. 
 

Table 4: Comparison of the performance of TagBERT with 
traditional and deep-learning methods (with increase in the 

number of recommended tags from K=5 to K=10) in terms of 
precision for Free-code dataset. 

Method Precision@5 Precision@10 
TagMulRec 26.5 16.3 
EnTagRec 34.8 18.6 

FastTagRec 27.8 17.3 

TagCNN 39.7 21.9 
TagRNN 28.3 17.0 
TagHAN 28.5 17.2 

TagRCNN 37.4 20.3 
TagBERT 32.8 31.1 

 
Table 5: Comparison of the performance of TagBERT with 
traditional and deep-learning methods (with increase in the 

number of recommended tags from K=5 to K=10) in terms of 
precision for Software Engineering dataset. 

Method Precision@5 Precision@10 
TagMulRec 25.3 15.3 
EnTagRec 24.5 15.1 

FastTagRec 25.2 15.7 
TagCNN 43.6 22.5 
TagRNN 21.7 13.5 

TagHAN 22.1 13.6 
TagRCNN 32.5 17.7 
TagBERT 37.5 36.6 

 
Table 6: Comparison of the performance of TagBERT with 
traditional and deep-learning methods (with increase in the 

number of recommended tags from K=5 to K=10) in terms of 
precision for Wordpress dataset. 

Method Precision@5 Precision@10 
TagMulRec 26.5 16.3 
EnTagRec 34.8 18.6 

FastTagRec 27.8 17.3 
TagCNN 39.7 21.9 
TagRNN 28.3 17.0 
TagHAN 28.5 17.2 

TagRCNN 37.4 20.3 
TagBERT 32.8 31.1 

 

Table 7: Comparison of the performance of TagBERT with 
traditional and deep-learning methods (with increase in the 

number of recommended tags from K=5 to K=10) in terms of 
precision for Unix dataset 

Method Precision@5 Precision@10 
TagMulRec 29.4 16.9 
EnTagRec - - 

FastTagRec 30.9 18.2 
TagCNN 30.9 23.1 
TagRNN 30.3 18.4 
TagHAN 30.2 18.3 

TagRCNN 41.6 22.2 
TagBERT 39.4 38.9 

 
 
6. Conclusion 
 
In this study, we sought to propose a novel BERT-based 
deep learning approach to the task of tag recommendation 
in online Q&A and open-source communities. In addition 
to better performance than other deep-learning and 
traditional methods of tag recommendation, TagBERT 
could also remedy a common deficiency of previous 
methods, i.e. the fact that their precision dropped 
significantly with increase in the number of recommended 
tags. 
The results show that our proposed model outperforms the 
traditional and the best deep-learning methods. 
We believe that deep learning can make a great contribution 
to the quality of online Q&A and open-source communities. 
Therefore, it is suggested that different deep-learning 
methods be closely examined and analyzed to achieve even 
better results for the problem of tag recommendation. 
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