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A B S T R A C T   

Mining user-generated content on e-commerce platforms and social media is timely and more objective 
compared with other information access channels for gaining competitive intelligence. Identifying comparative 
text from large volumes of non-comparative text is an important but challenging task. On one hand, existing 
methods are time-consuming and not generalizable across different domains. On the other hand, the datasets for 
the task generally suffer from the severe imbalance issue. To address abovementioned problems, we propose a 
framework adopting advanced deep learning methods to automatically learn features and a novel textual data 
augmentation method named TA3S to deal with the data imbalance issue. Specifically, the TA3S method 
simultaneously considers the syntactic structure and semantic information of comparative text samples. More-
over, in order to support the successful implementation of TA3S, we develop a novel method based on word 
embedding and label propagation algorithm to distinguish between synonymous and antonymous substitute 
words. The experiments on two real-world datasets demonstrate the feasibility and effectiveness of our frame-
work, and present that our framework outperforms state-of-the-art methods in identifying comparative text from 
user-generated content.   

1. Introduction 

Competitive intelligence (CI) has gained great attention due to the 
fierce market competition. The Strategic & Competitive Intelligence 
Professionals (SCIP) defines CI as a discipline that enables organizations 
to reduce strategic risk and increase revenue opportunities by under-
standing their operating environments.1 More precisely, for an organi-
zation, the main activities of CI encompass judging its competitive 
environment, understanding its strengths and weaknesses, compre-
hending its opportunities and threats, identifying its competitors, 
inferring competitors’ strategies, and formulating reasonable competi-
tive strategies (Yan et al., 2008). Through collecting comparative in-
formation on competitors’ and its own products, an organization could 
understand their advantages and disadvantages, thereby designing new 
products and activities to compete with competitors (Xu et al., 2011). 

Traditional information access channels, such as news, analysis 

reports, and competitor websites (Xu et al., 2011), generally suffer from 
a number of limitations. Firstly, they are time-lagged, highly cost, and 
sample insufficient (Kulviwat et al., 2004). Secondly, information 
released by competitors themselves generally lacks objectiveness and 
comprehensiveness (Xu et al., 2011). With the development of Web 2.0, 
there are increasing opportunities for the public to make online pur-
chases, share their experiences, and express their ideas on different 
kinds of e-commerce platforms and social media. Moreover, online re-
views have a significant impact on purchase decisions. It is estimated 
that 87% of consumers make their decisions according to online reviews 
in 2020.2 Corporations could further improve consumer satisfaction, 
gain competitive advantages, and increase market shares by mining 
these user-generated content (UGC). Consumers frequently use com-
parison, an important form of expression, to express their preference 
views on different products (as shown in Fig. 1). Compared with 
abovementioned traditional channels, mining product competitiveness 
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through exploring UGC on e-commerce platforms and social media is 
timely and more objective. Mining product competitiveness aims to 
extract comparative subject, comparative object, comparative keyword, 
comparative aspect, and comparative result, as shown in Fig. 1(a). One 
of its main challenges is that most of UGC does not convey comparative 
information. Therefore, comparative text identification from user- 
generated content (CTI-UGC), whose purpose is to distinguish between 
comparative text and non-comparative text on e-commerce platforms 
and social media, is an important preliminary subtask, and has been an 
ongoing research (Ngo Xuan et al., 2015; Zhang et al., 2018).3 

However4, existing CTI-UGC systems have encountered great chal-
lenges from the perspective of both used methods and used data. With 
respect to used algorithms, rule-based and traditional machine learning- 
based methods dominate prior studies (Jindal and Bing, 2006). How-
ever, these methods are heavily dependent on fixed sequence patterns, 
manually defined and domain-varying keywords, thus being time- 
consuming, failing to identify implicit comparative text, as well as 
yielding limited generalization capability across different domains. In 
terms of used data, it presents a skewed distribution resulted from the 
fact that there is far fewer comparative text than non-comparative text 
on e-commerce platforms and social media. The data imbalance problem 
may impose adverse effects on the performance of CTI-UGC models 
(Wang et al., 2013). 

In recent years, deep learning methods have achieved great success 
in addressing natural language processing (NLP) tasks, including text 
classification (Elnagar et al., 2020). They can automatically learn 
discriminative features from data, thereby reducing artificial workload 
and dependence on specific domain knowledge. Therefore, to eliminate 
limitations of prior rule-based CTI-UGC methods, we adopt advanced 
deep learning algorithms following model-centric paradigm5, endeav-
oring to obtain high-performing CTI-UGC models. 

In addition to focusing on algorithms, we also pay attention to 
deriving a balanced dataset by applying data augmentation, following 
data-centric paradigm (Competition, 2021). Extant data space-based 
textual data augmentation methods, which transform textual data it-
self, can be categorized into two groups: semantic-based methods (e.g., 
word replacement, noise injection, and back-translation) (Sun et al., 

2017) and syntactic-based methods (e.g., cropping and rotation) (Ahin 
and Steedman, 2018). In our context, both syntactic structure and se-
mantic information are important. For example, to augment the text ‘A is 
more powerful than B’, besides the generated text-1 ‘A is stronger than B’ 
by applying semantic-based word replacement method (i.e., replacing 
‘more powerful’ with ‘stronger’), another text-2 ‘B is weaker than A’ can 
also be derived. When generating the text-2, syntactic-based method (i. 
e., rotation of ‘A’ and ‘B’) and semantic-based method (i.e., replacing 
‘more powerful’ with ‘weaker’) work together. However, prior studies 
used semantic-based or syntactic-based methods separately. For 
example, although Easy Data Augmentation (EDA) proposed in (Wei and 
Zou, 2019) investigated four augmentation methods, i.e., Synonym 
Replacement (semantic), Random Insertion (semantic), Random Dele-
tion (semantic), and Random Swap (syntactic), the EDA method just 
randomly select one strategy to use each time. The simultaneous usage 
of semantic information and deep syntactic information in our context is 
still worth exploration. Moreover, deriving distinguishable synonymous 
substitute words (e.g., obtaining ‘stronger’ from ‘more powerful’) and 
antonymous substitute words (e.g., getting ‘weaker’ from ‘more 
powerful’) is an important component. Existing substitute word 
extraction methods include thesauri-based (Dou et al., 2018; Ono et al., 
2015), word embedding-based (Li et al., 2018b; Pennington et al., 
2014), and hybrid methods (Alzantot et al., 2018; Li et al., 2017; Mrki 
et al., 2016). However, these methods suffer from limitations: thesauri- 
based and hybrid methods are labor- and time-consuming, and thesauri- 
based methods suffer from weak generalization capability; word 
embedding-based methods lack the capability to distinguish between 
synonymous and antonymous substitute words. 

Overall, in this study, we propose a CTI-UGC framework, which in-
corporates advanced deep learning algorithms and tailors a novel tex-
tual data augmentation method named Textual data Augmentation 
fusing Syntactic Structure and Semantic information (TA3S). Specif-
ically, on one hand, the introduction of the Bidirectional Encoder Rep-
resentations from the Transformers (BERT), Convolution Neural 
Network (CNN), and Bi-directional Long Short-Term Memory (Bi-LSTM) 
can conduct automatic feature extraction and achieve semantic-aware 
comparative text identification, thus contributing to alleviated 
keyword reliance and enhanced generalization capability. On the other 
hand, the proposed TA3S method simultaneously leverages semantic 
information and deep syntactic information. It encompasses several 
components, including syntactic structure extraction, substitute word 
generation, and augmentation strategy design. Specially, in the substi-
tute word generation component, we develop a novel approach for 
distinguishing between synonymous and antonymous substitute words 
by using word embedding and the label propagation algorithm. 

Fig. 1. Some examples of comparative text on a forum and an ecommerce platform.  

3 https://www.360che.com/.  
4 https://www.jd.com/.  
5 Model-centric refers to improving an algorithm without manipulating the 

data. On the contrary, the data-centric paradigm focuses on data manipulation 
(such as applying data augmentation and fixing incorrect label), given a fixed 
algorithm. 
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Extensive experiments are performed on two real-world datasets to 
assess the feasibility and effectiveness of our proposed framework in 
comparison to state-of-the-art CTI-UGC models, as well as the effec-
tiveness of adopted deep learning methods and our developed TA3S 
method. The main contributions of this study are three-fold:  

(1) We propose a novel CTI-UGC framework that simultaneously 
considers model-centric and data-centric methods (Competition, 
2021). Specifically, advanced deep learning methods are used to 
alleviate keyword reliance and enhance generalization capa-
bility. Moreover, textual data augmentation is conducted for 
dealing with the data imbalance issue.  

(2) We develop a novel textual data augmentation method (i.e., 
TA3S) that fuses deep syntactic structure and semantic informa-
tion. As an important component of TA3S, a novel method for 
distinguishing between synonymous and antonymous substitute 
words is proposed.  

(3) Empirical results verify the effectiveness and feasibility of our 
proposed framework and the developed TA3S method. Specif-
ically, our framework outperforms state-of-the-art CTI-UGC 
methods, and the TA3S method presents superior performance 
compared to traditional textual data augmentation methods. 

The remainder of this paper is organized as follows. Section 2 sum-
marizes related work. Section 3 elaborates the research framework of 
this study. Sections 4 and 5 present the experimental design and results, 
respectively. Section 6 draws conclusions and discusses potential di-
rections for future research. 

2. Literature review 

2.1. Comparative text identification 

Utilizing UGC on e-commerce platforms and social media for gaining 
comparative intelligence has attracted great attention in recent years. 
Prior related studies focused on two research directions: identifying 
comparative text (Ngo Xuan et al., 2015; Zhang et al., 2018), and mining 
comparative relations (Bi et al., 2019; Liu et al., 2019; Liu et al., 2020a; 
Liu et al., 2020b; Wang et al., 2020a), including competitors identifi-
cations (Liu et al., 2020a; Wang et al., 2020a) and competitive advan-
tage analysis (Liu et al., 2019; Liu et al., 2020b). In this Section, we 
emphasize on reviewing research efforts on comparative text 
identification. 

Prior comparative text identification studies can be categorized into 
two groups: rule-based and traditional machine learning methods. In the 
rule-based methods, rules can be constructed manually or automatically 
(Wang et al., 2015). The dominant method for automatically generating 
rules is the class sequence rule (CSR) (Agrawal and Srikant, 1970; Ayres 
et al., 2002). For example, Wang et al. (2015) set up a mixed rule pool, 
including manually defined rules and CSR-generated rules, followed by 
a filter consisting of a keyword list to further increase the recognition 
accuracy of comparative text. When implementing traditional machine 
learning methods for CTI, the CSR-generated rules generally serve as 
input features, supplemented with some keywords. The adopted algo-
rithms include Naive Bayes (Jindal and Bing, 2006) and Support Vector 
Machine (SVM) (Zhang et al., 2018). These methods rely heavily on 
fixed sequence patterns and manually specified keywords, thus being 
time-consuming, ineffective at detecting implicit comparative text, and 
presenting poor generalization ability across domains. Therefore, 
applying deep learning to deal with the CTI-UGC task is worth explo-
ration. Moreover, to the best of our knowledge, most of CTI-UGC studies 
pay their attention to algorithms, overlooking dealing with the data 
imbalance issue. 

2.2. Textual data augmentation 

Adequate labeled data is important for effectively training super-
vised deep learning models in many fields, such as computer vision and 
NLP. In computer vision field, data augmentation has been widely used 
to automatically generate labeled data (Ding et al., 2016; Frid-Adar 
et al., 2018), since semantic invariant data can be obtained by some 
simple operations, such as image rotation, reduction, and expansion. 
However, it is not the case for NLP tasks, since it is not easy to auto-
matically get semantic invariant text (Abdurrahman and Purwarianti, 
2019). To implement textual data augmentation, researchers have 
explored several techniques, including feature space-based and data 
space-based methods (Bayer et al., 2021). Some prior studies regarding 
textual data augmentation methods are illustrated in Table 1. 

Feature space-based methods include noise input and interpolation 
methods. Noise input method based on feature space means introducing 
noise into representation vectors through some techniques, such as 
randomly multiplying or adding a number to the representation vectors 
(Kumar et al., 2019). Interpolation method, which is introduced from 
numeric data, generates new data through applying interpolation 
operation on feature vectors. The typical method of interpolation is the 
synthetic minority over-sampling technique (SMOTE), which is per-
formed on embeddings transformed from text (Wang et al., 2020b). 

Data space-based methods involve semantic-based (e.g., noise input, 
rule-based, word replacement, back-translation, and generative) and 
syntactic-based method. Noise input method based on data space in-
cludes changing, repeating, or deleting some letters or words (Belinkov 
and Bisk, 2018; Wei and Zou, 2019), replacing some randomly selected 
words with special symbols (Li et al., 2017), and randomly inserting one 
or more words into text (Wei and Zou, 2019). Rule-based method refers 
to changing the writing form of the text based on some writing rules. For 
example, replacing the abbreviated form with the full written form of 
the phrase (Coulombe, 2018), such as “He’s” and ‘He is’. Word 
replacement method represents replacing some randomly selected 
words with their substitute words having similar context (Abdurrahman 
and Purwarianti, 2019; Park and Ahn, 2019; Rizos et al., 2019; Wei and 
Zou, 2019). With back-translation method, an original text is translated 
into other, intermediate languages, which are then re-translated into the 
original language (Li et al., 2018a). Syntactic-based method generates 
new text based on the syntactic structure of text, such as swap (Shim 
et al., 2020; Wei and Zou, 2019), cropping, and rotation (Ahin and 
Steedman, 2018; Yu et al., 2019). Swap changes the places of two words 
randomly. However, swap-based method used in EDA proposed in Wei 

Table 1 
Prior textual data augmentation methods.  

Study Methods Types 

Feature space-based 
methods   

Kumar et al. (2019) Noise input Feature 
Wang et al. (2020b) Interpolation Feature  

Data space-based methods   
Belinkov and Bisk (2018) Noise input Semantic 
Li et al. (2017) Noise input Semantic 
Shim et al. (2020) Noise input, Word 

replacement, Swap 
Semantic or 
Syntactic 

Wei and Zou (2019) Noise input, Word 
replacement, Swap 

Semantic or 
Syntactic 

Abdurrahman and 
Purwarianti (2019) 

Word replacement Semantic 

Park and Ahn (2019) Word replacement Semantic 
Rizos et al.(2019) Noise input, Word 

replacement, Generative 
Semantic 

Ahin and Steedman (2018) Cropping, Rotation Syntactic 
Yu et al. (2019) Cropping Syntactic 
Li et al. (2018a) Back-translation Semantic 
Yu et al.(2016) Generative Semantic  
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and Zou (2019) only explored shallow syntax (e.g., word position), but 
ignored other deep syntactic information (e.g., the dependency tree). 
With cropping, text gets shortened through extracting main elements of 
text, such as objects and subjects. With rotation, some elements of text 
are rotated around the root of its dependency tree, such as from active 
form to passive form. Some researchers have combined several above-
mentioned methods. For example, Sun et al. (2017) developed multi- 
granularity textual data augmentation technologies for sentiment anal-
ysis; Wei and Zou (2019) proposed the EDA method, which adopted one 
method randomly selected from four candidate methods to generate a 
new text. Generative method generates new text based on deep learning 
models. For example, text has been generated using recurrent neural 
networks (RNNs) in natural language generation (NLG) (Rizos et al., 
2019), and new sequences have been generated by generative adver-
sarial nets (GAN) (Yu et al., 2016). 

However, the feature space-based methods are heavily dependent on 
the performance of word embedding technologies. The widely used data 
space-based methods generally utilize semantic information or syntactic 
information separately, failing to satisfy the requirement of 

simultaneously taking into account semantic information and deep 
syntactic information for the comparative text augmentation. 

3. Research framework 

This study proposes a novel CTI-UGC framework, as shown in Fig. 2. 
Firstly, textual data is crawled from e-commerce platforms and social 
media. Then, some pre-processing strategies are applied. Subsequently, 
we develop the TA3S method to augment comparative text and adopt 
advanced deep learning methods to conduct text classification. Finally, 
the framework is evaluated. 

3.1. Data collection 

We collect data from e-commerce platforms and social media using 
customized web data crawlers. The two data sources explored in this 
study include posts related to truck on a forum and reviews about mobile 
phone on an e-commerce platform. In terms of the truck data, we craw 
posts and related information, including topic, user, time, content, and 

Fig. 2. Research framework of this study.  

Fig. 3. The process of TA3S for comparative text augmentation.  
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all replies of each post. From the e-commerce platform, we collect 
product reviews, product name, product brand, and product sub- 
category. 

3.2. Data pre-processing 

Data pre-processing includes two steps: data cleaning and normali-
zation. For data cleaning, we remove personally identifiable information 
(e.g., phone number), delete useless characters, drop duplicate text, and 
split each post collected from the truck forum into sentences. Data 
normalization refers to reducing the number of professional term cate-
gories, such as the models of cars and mobile phones, thereby increasing 
the accuracy of text classification. 

3.3. Data augmentation: TA3S 

To solve the data imbalance problem, TA3S method is proposed to 
generate new comparative text (i.e., the minority class in this study). As 
shown in Fig. 3, firstly, some comparative textual data is randomly 
selected from the training dataset. Subsequently, we summarize main 
types by observing these samples’ syntactic structures. For each type, we 
design several augmentation strategies simultaneously considering 
syntactic structure and semantic information. Finally, for each existing 
comparative text in the training set, we generate new comparative text. 
Overall, our proposed TA3S method differs from existing text augmen-
tation methods in simultaneously considering semantic information and 
deep syntactic structure. Specifically, the process of TA3S is imple-
mented in the following way: 

Fig. 4. An example of textual data augmentation process.  
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(1) Preparing all comparative text (the number is n) needing to be 
augmented.  

(2) Generating the syntactic structure of each text.  
(3) For each text, we find its matched types in (l) types.  
(4) For each matched type, we find all (s) augmentation strategies 

designed for it.  
(5) Each strategy is used to generate new comparative text, until the 

number (e) of generated text equals to the required number (m). 

We give an example to describe the process of data augmentation 
using TA3S, as shown in Fig. 4. Given two samples that need to be 
augmented in Step-1, we generate the syntactic structure of each text in 
Step-2. In Step-3, we traverse all summarized types and find the matched 
types. For example, to judge whether the syntactic structure of text-1 
matches the type-1, we can conduct the following chain rules on the 
syntactic structure of text-1: looking for the word (marked as word-2) 
with the part-of-speech ‘P’; searching for the word (marked as word-3) 
with a relation ‘case’ to word-2; seeking the word (marked as word-4) 
with a relation ‘nmod:prep’ to word-3; finding the word (marked as 
word-1) with a relation ‘nsubj’ to word-4. If all nodes in the chain are 
found completely, the type will be a matched type of the text. For each 
matched syntactic structure type, we find corresponding augmentation 
strategies in Step-4. In Step-5, we generate new textual samples ac-
cording to the matched syntactic structure type and related strategies. 

It is quite possible that we get inadequate new samples after we finish 
the process on extremely imbalanced datasets. For example, if the 
imbalanced ratio is 1:10, then for each positive sample, nine new sam-
ples should be generated. Suppose one comparative text contains one 
type of syntactic structure, three strategies are designed for this type, 
and the involved keyword has one substitute word in each strategy, 
therefore, the number of text obtained from this process is three, less 
than nine. In order to solve this problem, we also perform some simple 
textual data augmentation methods, such as over-sampling. 

3.3.1. Syntactic structure type summarization 
To summarize types of syntactic structures of a specific corpus, we 

generate and observe the syntactic structures of a small part of 
comparative text randomly selected from the training dataset. We adopt 
Stanford Parser6, which is widely used for syntactic structure generation 
(Zhang et al., 2020), to extract dependency tree of key syntactic ele-
ments for comparative text. As shown in Fig. 5(a), given a piece of text, 
Stanford Parser exports several triples, in which both the first and last 
elements are composed of word and its part-of-speech, while the middle 
part represents the relation between the first and last elements. 

After generating the syntactic structures of the randomly selected 

Fig. 5. The dependency tree generated by Stanford Parser and its visual representation.  

Fig. 6. The process of identifying synonymous and antonymous substitute words.  

6 https://nlp.stanford.edu/software/lex-parser.html. 
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samples, we observe them and summarize their types. For the compar-
ative text in Fig. 5, we find the following types: the part-of-speech of the 
word-2 is ‘P’; the relation between word-3 and word-2 is ‘case’; the 
relationship between word-4 and word-3 is represented by ‘nmod:prep’; 
the relation between word-4 and word-1 is ‘nsubj’. It is noteworthy that 
different corpora have varied expression habits, thus deriving different 
syntactic structure types, therefore, it is necessary to summarize 
respective syntactic structure types for each corpus. Appendix A gives 
some artificially summarized syntactic structure types for the two 
datasets. 

3.3.2. Substitute word generation  

(1) Word embedding model 

Word embedding is a technique that transforms each word to a 
vector according to the context. Word2Vec (Mikolov et al., 2013) and 
Glove (Pennington et al., 2014) are widely used word embedding 
models in prior studies. However, in recent years, BERT (Devlin et al., 
2018) has achieved great success in many NLP tasks. It has presented 
powerful capability of capturing both right and left contexts of word, 
thereby distinguishing the same word with different contexts (Koroteev, 
2021). Therefore, this study adopts BERT to train word vectors, and 
identifies words with similar meanings. 

The network architecture of BERT consists of a multi-layer encoder 
of transformer (Vaswani et al., 2017). The input of BERT consists of 
three sections: the token embeddings, position embeddings, and seg-
menting embeddings. Apart from tokens in a text, BERT inserts a clas-
sification token [CLS] at the beginning of the text and a separation token 
[SEP] at the end of each text. Two steps are involved in the training of 
one BERT model: pre-training and fine-tuning. Pre-training is conducted 
supervised by two tasks (i.e., Masked Language Model and Next Sen-
tence Prediction), based on a huge domain-independent corpus, while 
fine-tuning is implemented using a small corpus related to a specific 
task.  

(2) Synonymous and antonymous substitute word generation 

Generally, similar words, whose cosine similarity exceeds a 
threshold based on their BERT-generated representations, are regarded 
as substitute words. However, BERT-generated representations cannot 
distinguish between synonymous and antonymous substitute words, 
since they are usually in the similar context. To address this issue, we 

propose a method using label propagation algorithm, as shown in Fig. 6. 
Step 1: Choosing an embedding model to train word embeddings. 

We adopt BERT in this study. 
Step 2: Constructing a weighted lexical graph and generating a 

substitute word list. The weighted lexical graph can be actually repre-
sented by a two-dimensional matrix W ∈ RN×N, as shown in Eq. (1). 

Wi,j =
vi∙vj

‖vi‖‖vj‖
(1)  

where N is the number of words in a corpus; vi and vj are vectors rep-
resenting the words i and j, respectively. In other words, Wi,j represents 
the cosine similarity of vectors vi and vj. Given a threshold ƍ, if the 
similarity between words i and j is greater than ƍ, the two words will be 
substitute words. It is noteworthy that the list of substitute words for a 
word generally includes its synonymous and antonymous substitute 
words. 

Step 3: Selecting seed words. A seed word is the word whose label is 
propagated by the label propagation algorithm. The seed words of a 
corpus generally come from two sources: one is the sentimental lexicon 
summarized by previous studies (Hamilton et al., 2016; Li et al., 2018b), 
and the other is selected manually according to the specific corpus. 
Similar to the prior study (Li et al., 2018b), there are four types of seed 
words in this study, including hard positive words, soft positive words, 
hard negative words, and soft negative words. The hard seed words have 
stable sentimental polarity. If a word is a hard positive word, it should be 
positive irrespective of where it appears in the text. For example, ‘good’ 
is positive no matter where it appears; ‘low’ is positive in the text ‘The 
fuel consumption of this car is very low’, and negative in text ‘The pixels 
of this phone are very low’, then ‘good’ is a hard seed word, and ‘low’ is 
a soft seed word since its polarity may vary in different contexts. In this 
study, if two words are respectively synonymous and antonymous sub-
stitute words of the same word, they should have different polarities. 

Step 4: Propagating the labels of seed words to other unlabeled 
words based on the label propagation algorithm. Firstly, let Y0 ∈ RN×2 

represent the initial sentimental score matrix, as shown in Eqs. (2) and 
(3): 

Y0
i1 =

⎧
⎨

⎩

1, if wordi ∈ sethp
0.8, if wordi ∈ setsp

0, if wordi ∕∈ sethp and wordi ∕∈ setsp

(2)  

Y0
i2 =

⎧
⎨

⎩

1, if wordi ∈ sethn
0.8, if wordi ∈ setsn

0, if wordi ∕∈ sethn and wordi ∕∈ setsn

(3)  

where N is the number of words in corpus; wordi represents the word i; 
sethp, setsp, sethn, and setsn represent the word set of hard positive seed 
words, soft positive seed words, hard negative seed words, and soft 
negative seed words, respectively. 

Secondly, calculating the probability transition matrix T ∈ RN×N: 

Tij =
Wij

∑N
k=1Wkj

(4) 

Thirdly, normalising the matrix T to T: 

Tij =
Tij

∑N
k=1Tik

(5) 

Then, updating sentimental score matrix Y: 

Yt+1 = βTYt +(1 − β)Y0 (6)  

where t is the number of iterations; β is an artificial parameter, con-
trolling the influence of t-th iteration on (t + 1)-th iteration of senti-
mental score; Y0 is the normalised result of matrix Y0. After the iteration 
process converges, the final sentimental score matrix is obtained. 

Step 5: Calculating the overall sentimental score of each word. Each 

Table 2 
Some examples of synonymous and antonymous substitute words in this study.  

Word Synonymous Antonymous 

Truck data 
坏(bad) 差(poor) 美好(beautiful), 厉害 

(excellent) 
尴尬(embarrassed) 傻(stupid) 惊喜(surprising) 
短(short) 紧(tight),最小 

(smallest) 
长(long), 宽敞(spacious) 

强悍(strong) 有劲(powerful) 软(soft) 
难熬(suffering) 煎熬(suffering) 痛快(happy), 特顺(going 

well) 
厚实(thick) 给力(good) 太软(soft) 
完爆(vastly outpace) 腻害(perfect) 比不上(not as good as)  

Mobile phone data 
快(fast) 爽(great) 卡顿(stuck), 波动(fluctuate) 
媲美(as good as the better 

one) 
优秀(excellent) 冒牌(imitation brand) 

肉(feeble) 弱(weak) 强(strong) 
相當(quite) 较(relatively) 不怎么(not very) 
百看不厌(never tired of 

seeing) 
美爆(so beautiful) 丑(ugly)  
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word has two sentimental scores obtained in step 4, where one repre-
sents the positive degree and the other represents the negative degree of 
that word. In order to facilitate the comparison between different words, 
an overall sentimental score of each word can be obtained by Eq. (7). 
The overall sentimental score is a score between 0 and 1, and a word can 
be regarded as a positive or negative word through judging whether the 
sentimental score of the word is greater than 0.5. 

Y*
i =

Yi1

Yi1 + Yi2
(7) 

Step 6: Discriminating between antonymous substitute words and 
synonymous ones based on sentimental score. For a given word with a 
sentimental polarity, its substitute words with the same sentimental 
polarity constitute its synonymous substitute word list, while its 
antonymous substitute words have an opposite sentimental polarity. 
Table 2 gives some examples of identified synonymous and antonymous 
substitute words. 

Overall, substitute word generation method proposed in this study 
differs from most word embedding-based substitution methods in the 
capability of distinguishing between synonymous and antonymous 
substitute words. Moreover, compared with several existing methods 
that consider the synonymous and antonymous substitute word gener-
ation (Alzantot et al., 2018; Li et al., 2017; Mrki et al., 2016), our 
approach propagates the label of selected seeds using label propagation 
algorithm, while existing methods generally construct two vocabulary 
collections (synonyms and antonyms lists) to further train word em-
beddings. Therefore, our approach has less labor requirement and pre-
sents enhanced generalization capability across domains. 

3.3.3. Augmentation strategy design 
For each syntactic structure type, we customize several augmenta-

tion strategies. For example, in Fig. 5, one strategy is to exchange the 
positions of word-1 and word-3, then replace word-4 with its antony-
mous substitute word. 

3.4. Text classification 

Three different deep learning methods (i.e., fine-tuned BERT, CNN, 
and Bi-LSTM) are explored to classify comparative text and non- 
comparative text. BERT has been introduced in Section 3.3.2. To 
conduct text classification with BERT, the output of [CLS] of BERT is fed 
to an additional output layer to fine-tune the pre-trained model (Devlin 
et al., 2018). 

Convolution and pooling are two main components of CNN (Kim, 
2014; Lecun and Bottou, 1998). Compared with fully connection, 
convolution is locally connected and weight sharing, thus having less 
computational overload. Moreover, convolution contributes to a good 
ability to capture local information, and pooling brings invariability in 
data processing. LSTM (Hochreiter and Schmidhuber, 1997) is a typical 
deep learning model that is good at processing data following certain 
sequential patterns, such as textual data and audio data. It protects and 
controls information flow through three gates, i.e., input gate, forget 
gate, and output gate. Input gate controls how much input information 
can be introduced, forget gate decides which part of the information 
obtained through prior process should be discarded, and output gate 
reserves the long-term memory. LSTM can effectively alleviate the 
problems of gradient vanishing and explosion, thereby capturing and 
preserving both the short and long-term dependencies of sequence data. 
To capture information on both sides, Bi-LSTM is adopted to transfer 
information along two different directions. In this study, the BERT- 
generated word embeddings are regarded as inputs of both CNN and 
Bi-LSTM. 

4. Experimental design 

4.1. Experimental datasets 

We constructed two real-world datasets (referred to as ‘truck data’ 
and ‘mobile phone data’ respectively) sourced from a Chinese forum 
named the truck home7 and JD8, a famous E-commerce platform in China. 
On the truck home, drivers and other people interested in trucks can share 
their experiences and ask for suggestions on using or purchasing trucks. 
The ‘mobile phone data’ was composed of consumer-generated product 
reviews regarding mobile phones. The detailed information of used 
datasets is shown in Table 3. Moreover, to assess the effectiveness of our 
proposed framework and the textual data augmentation method on 
datasets with varied imbalance degrees, we derived datasets with 
imbalanced ratios of 1:5, 1:10, 1:20, and 1:50. 

4.2. Experimental metrics 

To assess the effectiveness of our framework and the TA3S method 
for CTI-UGC, we adopted two evaluation metrics, i.e., area under the 
curve (AUC) and F1-measure. We chose AUC since it is invariant to the 
dataset’s class distribution, and thus suitable to evaluate the classifiers’ 
performance on an imbalanced dataset (Li et al., 2018b). The widely 
used F1-measure is able to comprehensively evaluate the recall and 
precision of classifiers. 

4.3. Experimental procedure 

In this research, we conducted a series of experiments. The first 
experiment was aimed at comparing the performance of different deep 
learning methods including fine-tuned BERT, CNN, and Bi-LSTM for 
CTI-UGC (with data augmentation using TA3S method). Experiment 2 
assessed the effectiveness of our proposed TA3S approach in comparison 
to existing textual data augmentation methods, including:  

(1) Original represents the original dataset without performing data 
augmentation.  

(2) SMOTE denotes balancing the dataset using SMOTE method 
performed on the output of [CLS] in the BERT. The similarity 
between two embeddings is measured by cosine similarity.  

(3) Over-sampling simply replicates the comparative text. 
(4) Noise input means replacing a randomly selected Chinese char-

acter with ‘_’.  
(5) Word replacement aims to replace a randomly selected word with 

its substitute words.  
(6) Back-translation translates Chinese into other 24 languages and 

then translates them back to Chinese using Baidu Translate API9. 

Table 3 
The detailed information of used datasets in this study.  

Information type Truck data Mobile phone data 

Data source the truck home JD 
Time span 2010/02/12–2020/ 

06/14 
2017/02/05–2019/ 
10/10 

Number of posts 118,275 – 
Number of total sentences/reviews 2,092,265 132,696 
Number of labeled text 30,006 20,000 
Number of comparative text in 

labeled text 
2,175 3,284 

# comparative text: # non- 
comparative text 

1: 12.8 1: 5.09  

7 https://www.360che.com/.  
8 https://www.jd.com/.  
9 https://api.fanyi.baidu.com/. 
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(7) Easy Data Augmentation (EDA) is a hybrid method with four 
methods, including deletion, swap, insertion, and synonym 
replacement (Wei and Zou, 2019). 

Experiment 3 was intended to investigate whether our proposed 
framework can deliver improved predictive performance over state-of- 
the-art CTI-UGC methods, including:  

(1) CSR uses the prefix-span algorithm for mining sequence rules. 
(2) SVM uses CSR-derived features which are binary values indi-

cating the presence/absence of each rule. 

The experiments were conducted on a Linux server with a 2.90 GHz 
CPU Intel(R) Xeon(R) Gold 6226R. The deep learning toolkit PyTorch10 

was used to conduct all deep learning models. The main parameters of 
BERT were as follows: batch sizes were 16 and 32, and the padding sizes 
were 32 and 120 on the truck data and mobile phone data, respectively; 
the learning rate was 0.00001 and the hidden size was 768 on both 
datasets. The CNN was composed of a convolution layer, a pooling layer, 
and a fully connected layer. The Bi-LSTM was composed of two layers 
with the forward and backward LSTM, followed by a fully connected 
layer. The dimension of the hidden layer is 256. Moreover, five-fold 
cross validation was performed for all experiments. We split the 
training, validation, and test datasets in a ratio of 6:2:2. Moreover, in all 
experiments, we guaranteed a similar imbalanced ratio on these three 
datasets. 

5. Experimental results and discussion 

5.1. Comparison of different deep learning models 

In this section, we report experimental results of applying BERT, 
CNN, and Bi-LSTM for CTI-UGC, as shown in Fig. 7. The results present 
that adopting CNN attains the highest performance in most datasets, 
such as truck dataset with imbalanced ratios of 1:10 and 1:20, and 
mobile phone dataset with imbalanced ratios of 1:5, 1:10, 1:20, and 
1:50. Especially, the imbalanced ratios of 1:10 in truck dataset and 1:5 in 
mobile phone dataset are close to the real imbalanced ratio. Even if the 
performance of CNN is not the best, it is very close to the best in some 
datasets, such as truck dataset with imbalanced ratio of 1:50. The reason 
lies in the fact that local information, such as comparative keyword and 
comparative result shown in Fig. 1, plays an important role in identi-
fying comparative text, and capturing the local information is the key 
concern of CNN. 

Fig. 7. Comparison of different deep learning models on different datasets.  

Table 4 
The comparison between different textual data augmentation methods using 
CNN.  

Imbalanced 
ratio 

Method Truck data Mobile phone data 

AUC F1- 
measure 

AUC F1- 
measure 

1:5 Original  0.8154  0.7075  0.8848  0.7799 
SMOTE  0.8539  0.6611  0.8864  0.8061 
Over- 
sampling  

0.8160  0.69812  0.8896  0.8005 

Noise input  0.8208  0.6878  0.8844  0.7831 
Word 
replacement  

0.8254  0.7018  0.8911  0.8085 

Back- 
translation  

0.8230  0.6926  0.8609  0.7251 

EDA  0.8154  0.6952  0.8839  0.8050 
TA3S  0.82606  0.7041  0.8959  0.8138  

1:10 Original  0.78184  0.5895  0.8606  0.7313 
SMOTE  0.7816  0.5745  0.8594  0.7260 
Over- 
sampling  

0.7652  0.5818  0.8706  0.7355 

Noise input  0.7652  0.5818  0.8541  0.7013 
Word 
replacement  

0.7733  0.5854  0.8441  0.7211 

Back- 
translation  

0.7555  0.5685  0.8442  0.7059 

EDA  0.7638  0.5742  0.8511  0.7302 
TA3S  0.7946  0.6220  0.8821  0.7666  

1:20 Original  0.6733  0.4170  0.7901  0.6097 
SMOTE  0.6791  0.4233  0.8068  0.6132 
Over- 
sampling  

0.7132  0.4308  0.8409  0.6389 

Noise input  0.7065  0.4454  0.8224  0.6032 
Word 
replacement  

0.6974  0.4541  0.7958  0.6238 

Back- 
translation  

0.7037  0.4530  0.8225  0.6101 

EDA  0.7002  0.4344  0.8235  0.6141 
TA3S  0.7236  0.4595  0.8524  0.6770  

1:50 Original  0.6044  0.2248  0.6729  0.3867 
SMOTE  0.6284  0.2528  0.7046  0.4360 
Over- 
sampling  

0.6181  0.2512  0.8023  0.5268 

Noise input  0.6368  0.2394  0.7483  0.4545 
Word 
replacement  

0.6556  0.2306  0.6320  0.3229 

Back- 
translation  

0.6235  0.2692  0.6919  0.4039 

EDA  0.6026  0.2472  0.7222  0.4615 
TA3S  0.6724  0.3173  0.8112  0.5835  

10 https://pytorch.org/. 
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5.2. Evaluation on our proposed textual data augmentation method 

The results regarding comparison of different textual data augmen-
tation methods using CNN are reported in Table 4, and those using BERT 
and Bi-LSTM are reported in Fig. 8. For more detailed information of 
experimental results with BERT and Bi-LSTM, please refer to Appendix B 
and C respectively. 

It can be found that both AUC and F1-measure gradually decrease 
with the increase of data imbalance degree, indicating the adverse 
impact of data imbalance on the performance of classifiers. When the 
imbalanced ratio is 1:5, all methods can deliver similar performances; 
even the classifier with ‘Original’ (i.e., no augmentation method is 

applied) is better than all other classifiers with augmentation methods in 
the truck dataset except for the SMOTE method. This may lie in the fact 
that the negative effect (e.g., noise introduction) resulted from textual 
data augmentation methods is greater than the positive effect of new 
data augmented in datasets with a relatively low imbalanced ratio. In 
addition, TA3S presents its superiority over other text augment methods 
in the datasets with a relatively high imbalanced ratio, mainly due to its 
strong capability to enrich existing comparative expression patterns by 
fusing syntactic structure and semantic information. 

Fig. 8. Comparison of different textual data augmentation methods using BERT and Bi-LSTM.  
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5.3. Comparison with state-of-the-art CTI methods 

Table 5 presents the comparison of the CTI framework proposed in 
this study with two widely used CTI-UGC methods, including CSR and 
SVM. As shown in Table 5, the best performance can be obtained by our 
proposed CNN + TA3S in most situations, especially when the imbal-
ance degree of the dataset is severe. This can be explained from two 
perspectives. On one hand, our CNN + TA3S method generates diverse 
textual data in the augmentation stage, thereby improving the recall of 
the classifier. While CSR and SVM are dependent on manual-selected 
and domain-dependent keywords, failing to identify some comparative 
text with implicit comparison information. On the other hand, in terms 
of some non-comparative text having similar syntactic structure with 
comparative text, our CNN + TA3S method has the ability to distinguish 
them, while CSR and SVM methods consider them both as comparative 
text. Therefore, the precision of CNN + TA3S is higher than that of CSR 
and SVM. 

6. Conclusion 

Identifying comparative text from e-commerce platforms and social 
media is an important task for companies to recognize the competi-
tiveness of their own products and to provide customers with decision 
making support. However, existing comparative text recognition 
methods suffer from several limitations. Therefore, this paper proposed 
a novel framework to identify comparative text from e-commerce plat-
forms and social media. On one hand, three advanced deep learning 
methods, i.e., BERT, CNN, and Bi-LSTM, were investigated. In addition 
to paying attention to algorithms, we also focused on manipulating 
datasets by developing a novel textual data augmentation method to 
address the data imbalance issue. The novel method considered 

syntactic structure and semantic information simultaneously. In terms of 
semantic information, we proposed a novel method based on word 
embedding and label propagation algorithm, in order to distinguish 
between synonymous and antonymous substitute words. Experimental 
results on two real-world datasets present the superiority of CNN 
compared with BERT and Bi-LSTM in our context, and demonstrate that 
our proposed textual data augmentation method solidly delivers 
improved performance compared with existing textual data augmenta-
tion methods, especially when performed on a severe skewed dataset. 
Moreover, the overall framework outperforms state-of-the-art CTI-UGC 
methods. 

This study has important theoretical and practical significance. In 
terms of theoretical research, most of current efforts on machine 
learning focus on improving algorithms, this study is a good addition to 
machine learning community by implementing the data-centric method. 
Furthermore, other tasks, such as fine-grained sentiment classification, 
may benefit from the substitute word generation method in this paper. 
In practice, other related tasks, such as comparative relation extraction 
and analysis of a product’s competitive position in the market, can be 
conducted based on our identified comparative text. Accordingly, for a 
company, it is possible to analyze the advantages and disadvantages of 
its products compared with its competitors, thereby gaining compara-
tive intelligence. 

Although the proposed framework yields a satisfactory performance, 
there are still some limitations. Firstly, the process from data acquisition 
to comparative text and non-comparative text classification is compli-
cated. In order to make the framework more implementable, future 
research aims to develop a simple and end-to-end system to conduct the 
whole process. Secondly, the syntactic structure types are manually 
summarized according to different corpora. Future research aims to 
develop more objective and automatic methods for summarizing the 
syntactic structure types. 
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Appendix A 

Some sample types of syntactic structures in this study.  

Table 5 
Comparison of different classification methods.  

Imbalanced 
ratio 

Method Truck data Mobile phone data 

AUC F1- 
measure 

AUC F1- 
measure 

1:5 CSR  0.8797  0.6818  0.8522  0.6835 
SVM  0.7789  0.6909  0.7546  0.6667 
CNN +
TA3S  

0.82606  0.7041  0.8959  0.8138  

1:10 CSR  0.7732  0.4127  0.8114  0.6316 
SVM  0.5833  0.2857  0.7195  0.5926 
CNN +
TA3S  

0.7946  0.6220  0.8821  0.7666  

1:20 CSR  0.6237  0.26087  0.7316  0.4545 
SVM  –  –  0.6447  0.4000 
CNN +
TA3S  

0.7236  0.4595  0.8524  0.6770  

1:50 CSR  –  –  –  – 
SVM  –  –  –  – 
CNN +
TA3S  

0.6724  0.3173  0.8112  0.5835  
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Structure description The details of the type (connection chain in dependency tree) 

Two entities are connected by connectives.  1. [(entity-1, *), ‘cc’, (conjunction, ‘CC’)]  
2. [(entity-2, *), ‘conj’/ ‘dep’, (entity-1, *)]  
1. [(word, *), ‘cc’, (conjunction, ‘CC’)]  
2. [(word, *), ‘nsubj’/‘dep’/‘dobj’, (entity-1, *)]  
3. [(word, *), ‘nsubj’/‘dep’/‘dobj’, (entity-2, *)]  

A complete common comparative text.  1. [(comparative key word, ‘P’), ‘case’, (entity-2, *)]  
2. [(entity-2, *), ‘nmod:pre’, (comparative result, *)]  
3. [(comparative result, *), ‘nsubj’, (entity-1, *)]  
1. [(comparative key word, ‘P’), ‘case’, (entity-2, *)]  
2. [(entity-2, *), ‘nmod:pre’, (comparative result, *)]  
3. [multiple relations], refering to multiple arbitrary connections.  
4. [(*, *), ‘dobj’, (entity-1, *)]  

A complete common comparative text including comparative aspect.  1. [(comparative key word, ‘P’), ‘case’, (entity-2, *)]  
2. [(entity-2, *), ‘nmod:pre’, (comparative result, *)]  
3. [(comparative result, *), ‘nsubj’, (comparative aspect, *)]  
4. [(comparative aspect, *), ‘nmod:assmod’, (entity-1, *)]  
1. [(comparative result, *), ‘case’, (comparative key word, ‘P’)]  
2. [(comparative result, *), ‘nsubj’, (entity-2, *)]  
3. [(comparative result, *), ‘nmod:prep’, (aspect characteristics, *)]  
4. [(aspect characteristics, *), ‘nsubj’, (entity-1)]  

There is just one entity in text, since the meaning of the text is that the entity is the best in the field.  1. [(comparative result,*), ‘advmod’, (comparative keyword, *)]  
2. [(comparative result,*), ‘conj’/‘nsubj’, (entity)]  

Appendix B 

The comparison of different textual data augmentation methods using BERT.   

Imbalanced ratio Method Truck data Mobile phone data 

AUC F1-measure AUC F1-measure 

1:5 Original  0.8244  0.7095  0.8723  0.7592 
SMOTE  0.8517  0.7077  0.8741  0.7605 
Over-sampling  0.8274  0.7140  0.8707  0.7576 
Noise input  0.8275  0.7092  0.8650  0.7447 
Word replacement  0.8284  0.7088  0.8688  0.7600 
Back-translation  0.8213  0.6975  0.8646  0.7508 
EDA  0.8020  0.6884  0.8791  0.79462 
TA3S  0.8179  0.7122  0.8840  0.8037  

1:10 Original  0.7736  0.5959  0.8265  0.6880 
SMOTE  0.7702  0.5814  0.8682  0.6922 
Over-sampling  0.7561  0.5852  0.8670  0.7328 
Noise input  0.7660  0.5740  0.8309  0.6850 
Word replacement  0.7744  0.6031  0.8549  0.7312 
Back-translation  0.7703  0.5934  0.8387  0.7114 
EDA  0.7801  0.5928  0.8283  0.6893 
TA3S  0.7889  0.6133  0.8783  0.7688  

1:20 Original  0.6910  0.4205  0.7867  0.5806 
SMOTE  0.6954  0.4211  0.8392  0.5773 
Over-sampling  0.6992  0.4159  0.8347  0.6380 
Noise input  0.7044  0.4416  0.7882  0.5729 
Word replacement  0.6993  0.4459  0.7910  0.6260 
Back-translation  0.6981  0.4345  0.8071  0.6335 
EDA  0.6932  0.4435  0.7775  0.6066 
TA3S  0.7107  0.4530  0.8523  0.6773  

1:50 Original  0.6237  0.2485  0.7346  0.4897 
SMOTE  0.6573  0.2478  0.7511  0.5500 
Over-sampling  0.6125  0.2463  0.7864  0.5112 
Noise input  0.6523  0.2736  0.7470  0.4584 
Word replacement  0.6528  0.2721  0.7394  0.4866 
Back-translation  0.6212  0.2715  0.7501  0.4683 
EDA  0.6557  0.2742  0.7445  0.4930 
TA3S  0.6672  0.3536  0.8004  0.6186  
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Appendix C 

The comparison of different textual data augmentation methods using Bi-LSTM.   

Imbalanced ratio Method Truck data Mobile phone data 

AUC F1-measure AUC F1-measure 

1:5 Original  0.8123  0.6768  0.8833  0.8011 
SMOTE  0.8129  0.6784  0.8815  0.8027 
Over-sampling  0.8072  0.6872  0.8839  0.7366 
Noise input  0.7924  0.6572  0.8784  0.7821 
Word replacement  0.7794  0.6495  0.8809  0.7779 
Back-translation  0.7926  0.6522  0.8635  0.7640 
EDA  0.80072  0.6635  0.8838  0.8021 
TA3S  0.8261  0.7041  0.8871  0.8093  

1:10 Original  0.7623  0.5726  0.8255  0.6884 
SMOTE  0.7666  0.5667  0.8552  0.7305 
Over-sampling  0.7346  0.5535  0.8743  0.7269 
Noise input  0.7108  0.5018  0.8349  0.6718 
Word replacement  0.7196  0.4989  0.8579  0.7202 
Back-translation  0.7175  0.5139  0.7844  0.6435 
EDA  0.7281  0.5125  0.8442  0.6828 
TA3S  0.7837  0.5940  0.8773  0.7596  

1:20 Original  0.6724  0.4206  0.7813  0.6370 
SMOTE  0.6732  0.4286  0.8005  0.6012 
Over-sampling  0.6827  0.3731  0.8366  0.6182 
Noise input  0.6746  0.4264  0.7851  0.5501 
Word replacement  0.6783  0.3907  0.7874  0.6441 
Back-translation  0.6647  0.3866  0.7977  0.6006 
EDA  0.6732  0.4286  0.7807  0.5931 
TA3S  0.7231  0.4455  0.8480  0.6764  

1:50 Original  0.5910  0.2062  0.6748  0.4167 
SMOTE  0.6194  0.2476  0.7066  0.4275 
Over-sampling  0.6124  0.2667  0.7837  0.4857 
Noise input  0.6287  0.2569  0.7254  0.4327 
Word replacement  0.6395  0.2316  0.7370  0.4776 
Back-translation  0.6028  0.2542  0.6885  0.4286 
EDA  0.6206  0.2626  0.7372  0.4812 
TA3S  0.6785  0.2724  0.7925  0.6240  
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