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Abstract 
Product-level Competitive Analysis (CA) is one of the essential techniques for companies 
to evaluate the competitive performance of products in the market. This paper proposed 
a novel Perceived-Value-based Competitive Analysis (PVBCA) model to conduct such 
analysis based on the Perceived Value perspective, one of the most critical elements of 
the customer’s purchase intention. This model leverages the state-of-the-art Natural 
Language Processing (NLP) techniques, including topic modeling to build a framework, 
Question Answering (QA) model to extract aspect description, and Sentiment Analysis 
(SA) to extract aspect-based sentimental information from the User-generated Content 
on the e-commerce platform. The results show that the proposed model can extract 
insightful information between different products in the same domain. 
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1. Introduction 

Competitive Analysis (CA) is one of the crucial methods for companies to identify these competitive 
advantages that will allow products to generate more profit than similar products. Many studies have 
recently applied NLP techniques to CA to deal with the rapid growth of text information. However, 
most studies focused on improving the accuracy of detecting the comparative relations in the 
customer reviews[1], [2], and few studies conducted competitive analysis from the perceived value 
(PV)’s perspective, which is one of the most influential factors of customer purchase intention[3], 
and it can be extracted from customer reviews[4]. Therefore, this study proposes a unique method to 
combine the PV with CA to establish a Perceived-Value-based Competitive Analysis (PVBCA) 
method to conduct CA on different products based on the perspective of PV. The main problems we 
plan to solve in this study are as follows: 

How does NLP technology identify market topics and users’ preferred product aspects? 

How to establish a competitive dimensions (CD) framework based on PV dimensions to classify these 
topics and aspects? 

How to track the sentiment polarity of each dimension? 

The continuing sections are structured as follows: Section 2 provides detailed literature reviews of 
previous studies. The detailed introduction of the proposed approach is in Section 3. Finally, the 
study's results and discussion will be presented in Section 4. 
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2. Literature Review 

2.1 Natural Language Processing for Opinion Mining 

2.1.1 Topic Modeling 

Topic Modeling (TM) technique is a statistical modeling method based on the unsupervised learning 
technique. It can automatically cluster relative words to form several abstract topics from the given 
collection of documents[5]. The Latent Dirichlet Allocation (LDA) model is one of the most popular 
models for such a task[6]. However, the interpretability of the results from TM still needs to be 
improved. To deal with this problem, Grootendorst proposed BERTopic is one of the models used to 
improve the interpretability of the topics extracted by TM[7].  

2.1.2. Question Answering System 

Question Answering (QA) systems are one of the hot research topics in NLP and deep learning 
networks. It can obtain answers to the question in the form of a natural language sequence from the 
text according to the question entered in the natural language[8]. QA systems can assist people to 
understand more critical information in texts because they can extract relevant, short, and precise 
answers to user questions from massive texts[9].  

2.1.3 Sentiment Analysis 

Sentiment Analysis is another NLP technique that aims to identify the sentiment polarity and extract 
opinions from texts[10]. It is one of the most used tools to analyze the customer reviews in e-
commerce domain[11]. Customer reviews might contain multiple aspects which have different 
sentiment polarities. Therefore, aspect-level sentiment analysis is more accurate in assessing multiple 
aspects reviews.  

2.2 Perceived Value and Competitive Analysis 

1) Perceived Value Perceived Value (PV) was defined as customers’ overall assessment of the 
product or service based on their perceived benefits and sacrifices by Zeithaml[12]. Numerous studies 
showed that the perceived value positively affects customers’ purchase intention, satisfaction, and 
loyalty[13]. Therefore, analyzing the perceived value of products could help companies better 
understand the customers’ feelings through the purchase process and adjust marketing strategies to 
improve products’ performance. 

To reflect the complexity of the PV’s nature, many studies believe that PV is a multi-dimensional 
structure [14], and different dimensions have different degrees of influence on customers’ decision-
making process[15]. Sweeney and Soutar proposed a PERVAL model based on this theory and 
analyzed the perceived value of durable goods from four perspectives, namely emotional value, social 
value, quality/performance value, and price/value[16].  

2) Link between Perceived Value and Competitive Analysis Parasuraman thought perceived value as 
one of the most critical methods for organizations to understand customers and acquire competitive 
advantages [17]. In product-level competitive analysis, many researchers use NLP technology to 
extract and analyze the competitive advantages of different products [2]. However, few studies from 
the perspective of perceived value conduct the CA. The proposed method in this study provides a 
new method for applying percent value in market competition analysis and provides a new angle for 
competition analysis. 

3. Method 

3.1 Data Collection 

The data was scraped from Amazon, one of the largest e-commerce platforms, which uses a Python 
program to collect a dataset, and about 5,600 rows of Laptop reviews were collected, including six 
laptop products of different brands and models. To avoid privacy issues, we set the six products' 
names as PD1 to PD6, respectively. 
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3.2 Data Preprocessing 

Since the dataset is collected from a real-world e-commerce platform, the dataset contains numerous 
noises that cannot be directly used for our experiment. Therefore, we remove rows with no review 
data and the duplicated reviews, and the dataset remains with 5,427 valid reviews. Then, the non-
textual information is removed from the data. We use the NLTK toolkit to remove stop words and 
punctuations and then use the Snowball stemming tool to get the stemming of the text. Finally, we 
use the spaCy lemmatize function to lemmatize the stemming text. Moreover, since the TM process 
needs to extract aspects to construct the perceived value dimensions, most aspects are nouns. 
Therefore, this experiment uses spaCy’s “en_core_web_lg” to apply the part-of-speech (POS) 
technique to extract nouns from each review to prepare such a process. 

3.3 Topic Modeling for Constructing PVBCA 

BERTopic is a TM model that combines state-of-the-art embedding technology and a class-based TF-
IDF for text clustering. Compared to the traditional TF-IDF algorithm, the c-TF-IDF algorithm takes 
a cluster of documents as a “class” and compares the importance of words between different “classes”. 
In this way, the extracted topics will represent that class’s unique "features". This study leverages this 
technique for TM tasks and extracts topics from the customer review dataset.  

This step chooses the following hyperparameters: choose “all-mpnet-base-v2” as the embedding 
model. Set “nr_topics” as “auto”, which can automatically reduce the topics to the optimized amount. 
We select “n_gram_range” to (1, 2) and finally choose 15 to the "min_topic_size". Such a 
combination has excellent interpretability of the extracted topics on our dataset. Finally, 35 topics are 
extracted from reviews. Then, after comparing and integrating the results of TM, this study defines 
five dimensions and builds corresponding CDs for each PV dimension, as Table 1 shows.   

 

Table 1. Perceived Value Dimension and Competitive Dimensions 

Perceived Value Dimensions Competitive Dimensions Aspect Words Sources 

Functional Value Hardware Laptop, screen, battery… [16] 

 Performance/Quality Speed, work, quality…  

 Delivery Shipment, delivery, shipping…  

 Location/Scenarios Office, game, travel …   

Emotional Value Experience Happy, expectation, disappointed… [16] 

 Aesthetic Design, color, advertising…  

Guarantee Value Guarantee warrant, return, refund, support… [18] 

Price Valuehao Price Price, money, cost… [3], [12] 

Social Value Relationship Son, husband, wife… [3], [16] 

 Service Service, respond, patience…  

3.4 Aspect-based Sentiment Analysis 

After identifying CDs and the relative aspect words from the TM results, this study will take these 
aspect words to evaluate the sentiment tendencies of the corresponding CD dimensions. Dhruv 
proposed a model that combines the pre-trained transformer model for QA and SA models to conduct 
the ABSA[19]. Based on this method, we add aspect-based sentiment tracking of CDs and new 
functions that can be used for the product’s PV and comparative research of several products. 

3.4.1 Aspect Extraction 

This study calculates words similarity between the noun list that extracted in TM step, and pre-defined 
aspects to remain the nouns that represent the CDs. In this case, the word similarity is determined by 
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the corresponding word embedding vectors' cosine similarity. The equation of cosine similarity is as 
follows: 

 

𝑐𝑜𝑠𝜃 =  
⃗∙ ⃗

|| ⃗|| || ⃗||
                                       (1) 

 

where �⃗� and b⃗ are the embedding vectors of the words. 

3.4.2 Aspect Description Extraction.  

This step aims to extract the descriptions of aspects from reviews. After comparing multiple pre-
trained QA models' performance from the Hugging Face Transformer library on our dataset, the 
"deepset/roberta-base-squad2" model is selected. The question we set as "how is the aspect" to extract 
the expression that customers feel about the aspect. The output is the description of the selected aspect.  

3.4.3 Sentiment Analysis 

The SA aims to identify the sentiment polarity of the extracted descriptions of aspects. For customer 
reviews, not all descriptions of the aspect contain either “positive” or “negative” sentiment polarity. 
Considering this situation, we finally choose a pre-trained model, namely "cariffnlp/ twitter-roberta-
base-sentiment" which can classify sentiment polarity into positive, negative, and neutral. After 
getting the sentiment of each aspect. Then we assign 1, 0, and -1 to these sentiment polarities, 
respectively. In this way, we can calculate the sentiment scores by adding up the sentiment value for 
all aspects in each CD, which helps quantify CDs.  

3.5 Multicollinearity Test 

This step takes user ratings as the target variable, which represents the user’s satisfaction level. We 
used multi-linear regression to calculate Variance Inflation Factor (VIF) to test whether there is 
multicollinearity between different feature variables. As Table 2. suggests, all VIF values below 5 
indicate that the model does not have explanatory variables with precise correlations. 

 

Table 2. Variance Inflation Factor (VIF) of each Dimension 

Column VIF 

price 1.26 

Performance/quality 1.20 

delivery 1.20 

hardware 1.17 

experience 1.17 

relationship 1.11 

service attitude 1.05 

guarantee 1.04 

location 1.03 

aesthetic 1.01 
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4. Results and Discussion 

4.1 Result Analysis 

Figure 1. shows people's attention to different PV dimensions. According to it, people's attention to 
the functional value dimension is much greater than other dimensions. Specifically, customers pay 
more attention to the hardware and the performance/quality dimensions than others. 

 

 
Figure 1. Customer Attentions under PV and Competitive Dimensions 

 

Figure 2. shows the distribution of sentiment polarities for each dimension of all products in the 
dataset. According to it, most dimensions' positive score is more than negative. However, the 
"guarantee" and "service attitude" have significantly more negative than positive sentiments. We 
further detailed the sentiment analysis results at the individual products level to explore why such a 
phenomenon. 

 

 
Figure 2. Sentiment Distribution of Competitive Dimensions 

 

Table 3. shows the positive to negative ratios for products in the “guarantee” and “service attitude” 
dimensions. The ratio of the "guarantee" dimension of all products is less than 1, which means the 
overall performance of this dimension is terrible. Moreover, most of the products' ratio of "service 
attitude" is less than 1, indicating that most of them have poor performance on this dimension. 

 

Table 3. The Ratio of Positive Score to Negative Score for Different Products of two Dimensions 

 

 PD1 PD2 PD3 PD4 PD5 PD6 

guarantee 0.48 0.13 0.33 0.45 0.14 0.41 

service attitude 1.06 1.50 0.12 0.33 0.16 0.40 
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Figure 3. Score distribution for different products in each dimension (Positive) 

 

 
Figure 4. Score distribution for different products in each dimension (Negative) 

 

Figures 3 and 4 show the detailed sentiment scores distribution for different products in each 
dimension. According to the Figures, we can extract comparative information between products. For 
example, according to Figure 3., PD1, PD3, and PD6 have similar performances in selected products 
since they have more positive sentiment scores than the rest. We can also identify the competitive 
advantage of each product. For example, the primary competitive advantage of PD1 lies in its 
"quality" and "service attitude" dimensions, which indicates that the customers are more satisfied 
with their product's durability and service quality. However, the main drawback of PD1 is its 
"relationship" dimension, which might indicate that it is not suitable to give to someone as a gift. 
Furthermore, the products' disadvantages can be tracked in Figure 4. For example, PD5 contributes 
most of the negative scores in 6 dimensions, which means companies should consider this product to 
quit the market and improve those dimensions in the new product. 

4.2 Conclusion 

This paper proposes a Perceived-Value-based Competitive Analysis framework, which combines the 
NLP techniques and perceived value dimensions to conduct product-level competitive analysis. We 
firstly use the BERTopic technique to extract topics from customer reviews. Then, we construct CDs 
based on the extracted topics and the perceived value dimensions. Next, we leverage QA and SA 
techniques to get the sentiment scores of all reviews and conduct further analysis based on the results. 
The results show that the proposed method can extract insightful competitive information from 
products’ customer reviews, which provides a new path for product competition research. 

This study has limitations in two aspects. The limitation of the application is that we only collect six 
products in the laptop domain as the research objects. Therefore, the result might have biases and 
limitations. In addition, the proposed competition framework may need further verification of the 
practicability of experiential products domains. 
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