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Abstract. In the context of the big data era, consumer rights protection has become a crucial element 
for the healthy development of the digital economy. This study investigates the perception and 
coping strategies of consumers in the Xinjiang Uyghur Autonomous Region regarding the 
phenomenon of big data "price gouging." By employing descriptive statistical analysis, Apriori 
association rule mining, and the C4.5 decision tree model, the study systematically analyzes the 
differences in consumer perception of big data "price gouging," the influencing factors of coping 
strategies, and the mechanisms affecting consumption intentions. The findings reveal that there are 
significant differences in consumer perception based on demographic groups, with older, lower-
income, and less-educated consumers having relatively lower levels of awareness, while younger, 
highly educated, and higher-income groups have higher levels of awareness. Consumers' coping 
strategies mainly focus on improving information literacy, platform selection, and adjusting price 
sensitivity, among which information literacy and consumer psychological factors have the most 
significant impact on purchase intentions. Consumers generally pay close attention to fairness, 
transparency, and information security in the consumption process, and there is a need to further 
optimize relevant policies and regulations to strengthen rights protection. The C4.5 decision tree 
model simulation indicates that consumers over the age of 25 with higher online shopping frequency 
are more likely to be affected by big data "price gouging." This study provides empirical evidence for 
the formulation of consumer rights protection policies in the digital economy and has important 
reference value for promoting the healthy development of the digital economy. 

Keywords: Price Discrimination; Big Data "Price Gouging"; C4.5 Decision Tree Model; Apriori 
Association Rules. 

1. Introduction 

In the context of the digital economy, big data technology has become a core driver for business 
model innovation. With the rapid development of artificial intelligence, mobile payments, and other 
technologies, the interaction between enterprises and consumers has become increasingly frequent, 
laying a solid foundation for the big data economy. However, behind this technological dividend lies 
a growing social issue—the phenomenon of big data "price gouging." According to a survey report 
by the Beijing Consumer Association, 88.32% of respondents believe that big data "price gouging" 
is widespread, and 56.92% have experienced it. 

Big data price gouging is essentially a differential pricing strategy based on user profiling. Platform 
enterprises collect and analyze consumers' personal information, browsing records, and consumption 
habits to implement price discrimination for different types of users[1]. This phenomenon is 
particularly common in online travel, e-commerce platforms, and ride-hailing services, manifesting 
as different prices for the same product or service for different users, often with higher prices for 
long-term users than new users and higher prices for Apple users than Android users[2]. This business 
practice not only infringes on consumer rights but also undermines the fair competition environment 
of the market economy, potentially affecting the healthy and orderly development of China's digital 
economy in the long run. 
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Existing research has explored the phenomenon of big data price gouging from multiple 
perspectives. In terms of definition, most scholars regard it as a form of price discrimination[3], 
although some researchers argue that non-price discrimination behaviors may also lead to price 
gouging[4]. Regarding the motivations for price gouging, some researchers believe that high profits 
are the fundamental reason[5], while others explore the balance between price gouging and long-term 
consumer relationships from the perspective of customer loyalty[6]. 

In terms of consumer rights protection, existing studies generally agree that big data price gouging 
violates consumers' rights to be informed and to fair transactions[7]. Some studies point out that big 
data price gouging often targets short-term transactions with consumers, without fully considering 
long-term relationships[8]. However, existing research mostly focuses on legal regulation and industry 
norms, with relatively few studies on consumer perception and long-term consumption intentions, 
especially those lacking in-depth analysis based on large-scale empirical data. 

This study employs descriptive statistical analysis, Apriori association rules, and the C4.5 decision 
tree model to investigate consumers' perception of price discrimination, coping strategies, and the 
impact mechanisms on future consumption intentions in the big data era, using residents from five 
cities and prefectures in the Xinjiang Uyghur Autonomous Region as research subjects. The study 
fills the gap in existing literature regarding consumer perception of price discrimination in emerging 
markets, provides empirical evidence for the association between consumer characteristics and 
coping strategies, and reveals the core impact of price discrimination on consumption intentions 
through quantitative analysis, offering a new research perspective for consumer behavior theory and 
regulatory policies in the digital economy. 

2. Research Methods and Model Construction 

2.1. Data Acquisition and Validation 

The questionnaire designed for this study primarily focuses on consumers' basic information 
(gender, age, education, occupation, income, etc.), their perception of big data price gouging, 
experiences with big data price gouging, coping strategies, and future consumption intentions. A total 
of 1,523 questionnaires were distributed to residents in five cities and prefectures in the Xinjiang 
Uyghur Autonomous Region, including Kashgar and Urumqi, with 1,376 valid questionnaires 
recovered, resulting in an effective recovery rate of 90.35%. To ensure the validity of the 
questionnaire data, Cronbach's α coefficient was used for reliability testing. 
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where 𝑘 is the number of questions in the questionnaire, 𝜎௜

ଶ is the variance of the score of the 𝑖 
-th question, and 𝜎୘

ଶ is the variance of the total score of the questionnaire.  
After calculation, the Cronbach's 𝛼 coefficient of this questionnaire is 0.91, indicating that the 

questionnaire has high reliability. 

2.2. Apriori Association Rules 

Association analysis, which involves discovering frequently occurring itemsets in a given dataset, 
identifies regularities between two or more variables. Data association is an important type of 
knowledge that can be discovered in databases. The algorithm used for association rule analysis in 
this study is the Apriori algorithm, with the following basic definitions: 

Let I represent the set of all items, and D represent the transaction database. An element in a 
transaction T is called an item; a set of items is called an itemset; an itemset containing k items is 
referred to as a k-itemset. 
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Definition 1: Support of an itemset. The support of an itemset A is defined as the proportion of 
transactions in the transaction database D that contain A. That is, 

 

 supportሺAሻ ൌ
number of transactions containing A

total number of transactions in D
 (2) 

 
Definition 2: Frequent itemset. If the support of an itemset A  is not less than a predefined 

minimum support threshold (min_sup), i.e., support ሺAሻ ൒ min_sup, then itemset A is considered 
a frequent itemset. A frequent itemset containing k items is called a frequent k-itemset. 

Definition 3: Association rule. An association rule can be represented as a logical implication A ⇒
B, where A and B are two distinct non-empty subsets of I. The strength of an association rule is 
typically measured by support, confidence, and lift. 

Definition 4: Support of an association rule. The support of an association rule A ⇒ B is defined 
as the proportion of transactions in the transaction database D that contain A ∪ B. That is, 

 

 supportሺA ⇒ Bሻ ൌ
 number of transactions containing A∪B

 total number of transactions in D
  (3) 

 
Definition 5: Confidence of an association rule. The confidence of an association rule A ⇒ B is 

defined as the proportion of transactions containing A that also contain B. That is, 
 

 confidenceሺA ⇒ Bሻ ൌ
 support_count ሺA∪Bሻ

 support_count ሺAሻ
  (4) 

 
where support_count ሺAሻ  and support_count ሺA ∪ Bሻ  are the number of transactions in the 

transaction database D that contain A and A ∪ B, respectively. 
Definition 6: Lift of an association rule. In addition to support and confidence, lift is another 

important criterion for evaluating association rules. The lift of an association rule A ⇒ B is defined 
as the ratio of the proportion of transactions containing A ∪ B to the proportion of transactions 
containing B. That is, 

 

 liftሺA ⇒ Bሻ ൌ
supportሺA ∪ Bሻ

supportሺAሻ ൈ supportሺBሻ
  (5) 

 
If liftሺA ⇒ Bሻ ൏ 1, it indicates a negative association between itemsets A and B, meaning the 

presence of A suppresses the occurrence of B; if liftሺA ⇒ Bሻ ൌ 1, it indicates that A and B are 
independent and unrelated; if liftሺA ⇒ Bሻ ൐ 1, it indicates a positive association between A and B, 
meaning the presence of A promotes the occurrence of B, and the greater the lift value, the stronger 
the promoting effect. 

In this study, the factors influencing big data price gouging were normalized into eight internal 
and external factors: price fairness, platform reliability, probability of choosing price gouging, 
consumer information assessment, consumer outcome reflection, evaluation of purchase decisions, 
product differentiation on purchase decisions, and government policies to avoid price gouging. To 
deeply analyze the internal associations between normalized big data price gouging and these eight 
factors, the sample answers to the question "Which factors do you think can regulate big data price 
gouging?" from authoritative literature were used as reference values to comprehensively analyze the 
associations between these eight factors and the regulation of big data price gouging. 
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2.3. C4.5 Decision Tree Model 

The C4.5 decision tree model is an effective method for studying the association between purchase 
factors and the probability of big data price gouging. It helps reveal the potential relationships 
between purchasing behavior and big data price gouging. C4.5 is a classic decision tree learning 
algorithm used to generate decision tree models from data. It recursively partitions the dataset, 
selecting the best splitting attribute to construct the decision tree model, which can be used for 
classification and regression tasks. 

The core metric of the C4.5 algorithm is the gain ratio, which is used to select the optimal splitting 
attribute. The gain ratio is calculated as follows: 

 

 GainRatioሺAሻ ൌ
GainሺAሻ

SplitInfoሺAሻ
  (6) 

 
where GainሺAሻ is the information gain of attribute A for the dataset D, calculated as: 
 

 GainሺAሻ ൌ EntropyሺDሻ െ ∑୴∈୚ୟ୪୳ୣୱሺ୅ሻ  
|D୴|

|D|
EntropyሺD୴ሻ  (7) 

 
The entropy of the dataset D is calculated as: 
 
 EntropyሺDሻ ൌ െ∑୧ୀଵ

ୡ  p୧logଶ p୧  (8) 
 
where c is the number of classes in the dataset D, and p୧ is the proportion of samples of class i 

in the dataset D. 
The split information of attribute A for the dataset D is calculated as: 
 

 SplitInfoሺAሻ ൌ െ ෍  
୴∈୚ୟ୪୳ୣୱሺ୅ሻ

|D୴|
|D|

logଶ
|D୴|
|D|

  (9) 

 
where D୴ is the subset of D where attribute A takes the value v. 
Based on the above calculations of the gain ratio, the C4.5 decision tree model recursively selects 

the optimal splitting attribute to construct the decision tree. At each split, the attribute with the highest 
gain ratio is chosen as the splitting attribute until the stopping criteria are met (e.g., all samples in the 
dataset belong to the same class, or the gain ratio is less than a threshold). 

3. Results 

Descriptive statistical analysis primarily serves to describe the distribution and categorical 
relationships of survey variables. In this study, it was used to describe the demographic characteristics 
and online shopping behaviors of the respondents, analyzing the proportions or distributions of 
different groups within the sample. 

From Table.1, it can be observed that the majority of respondents have a basic understanding of 
big data price gouging (41.28%), followed by those who have a somewhat limited understanding 
(22.82%). Only a small proportion of respondents have a very good understanding (18.68%), while 
those who have little understanding are slightly fewer than those who have a very good understanding 
(14.32%). The number of respondents who have never heard of the concept is the smallest (2.91%). 
Among the respondents, 76.24% have experienced big data price gouging, while 23.76% have not. 
This indicates that the majority of respondents have encountered big data price gouging in their 
consumption experiences. Regarding the impact of big data price gouging avoidance applications on 
consumer interests, 84.45% believe that these applications are beneficial and have a significant impact, 
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while only a small proportion think they are useless (7.05%), have no impact (5.45%), or are not 
familiar with them (3.05%). This suggests that most people believe that big data price gouging 
avoidance applications are effective in protecting consumer rights and providing a fairer consumption 
environment. 

 
Table 1. Descriptive Statistics of Respondents' Understanding of Big Data Price Gouging 

Characteristic Variable Type 
Sample 
Count 

Percentage 
(%) 

Cumulative 
Percentage (%) 

Understanding of Big Data 
Price Gouging 

Very Well Understood 257 18.68 18.68 
Basically Understood 568 41.28 59.96 

Somewhat Understood 314 22.82 82.78 
Basically Not Understood 197 14.32 97.09 

Never Heard of It 40 2.91 100 
Experience with Big Data 

Price Gouging 
Yes 1049 76.24 76.24 
No 327 23.76 100 

Impact of Big Data Price 
Gouging on Consumer 

Fairness 

Strongly Agree 513 37.28 37.28 
Agree 570 41.42 78.71 

Neutral 214 15.55 94.26 
Disagree 20 1.45 95.71 

Strongly Disagree 59 4.29 100 

Effectiveness of Big Data 
Price Gouging Avoidance 

Applications 

Significant Impact 1162 84.45 84.45 
No Use at All 97 7.05 91.5 

No Impact 75 5.45 96.95 
Don't Know 42 3.05 100 

 

Overall, most people have some understanding of big data price gouging, and the majority believe 
that applications to avoid big data price gouging are beneficial and have a significant impact. However, 
there is still a portion of people who have limited understanding or hold different views, reflecting 
the diverse concerns and perspectives of consumers regarding data privacy and personal rights in the 
big data era. 

 
Table 2. Basic Demand Association Rules between Normalized Big Data Price Gouging and 

Various Factors 

Rule 
Number 

Rule 
Instance 
Count 

Rule 
Confidence 

Rule 
Support 

Lift 

R1 
Online Reputation, Consumer Psychological Factors 

⇒ Platform Factors 
77 80.82% 10.13% 3.28 

R2 
Price Sensitivity, Consumer Psychological Factors 

⇒ Information Literacy 
83 80.00% 13.87% 3.264 

R3 
Online Reputation, Consumer Psychological Factors 

⇒ Information Literacy 
73 79.05% 14.56% 3.035 

R4 
Online Reputation, Consumer Psychological Factors 

⇒ Price Sensitivity 
77 78.50% 12.90% 2.926 

R5 
Purchase Decision Influence, Price Sensitivity ⇒ 

Information Literacy 
77 77.92% 10.68% 2.92 

R6 
Purchase Decision Influence, Consumer 

Psychological Factors ⇒ Information Literacy 
76 76.25% 10.54% 2.866 

R7 
Platform Factors, Information Literacy ⇒ 

Consumer Psychological Factors 
80 76.19% 11.10% 2.863 

R8 
Purchase Decision Influence, Consumer 

Psychological Factors ⇒ Price Sensitivity 
105 75.31% 14.56% 2.861 

R9 
Purchase Decision Influence, Price Sensitivity ⇒ 

Consumer Psychological Factors 
100 75.00% 11.23% 2.859 
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The association rules derived from the Apriori algorithm are shown in Table.2. The actions or 
thoughts of respondents in the face of related scenarios can be analyzed to understand their focus 
points of attention and demand. The focus points of attention refer to the characteristics or attributes 
that users pay the most attention to during continuous consumption, while the focus points of demand 
refer to the needs and desires of users for normalizing big data price gouging during continuous 
consumption. The following are analyses of these focus points: 

3.1. Users' Focus Points of Attention 

Online Reputation: This refers to consumer evaluations and comments on products on the internet. 
From the association rule table, it can be seen that users often consider the online reputation of 
products when deciding on their information literacy and price sensitivity. Therefore, relevant 
platforms need to pay attention to their brand image and reputation, actively regulate big data price 
gouging behavior, provide users with a fair, transparent, and trustworthy consumption experience, 
and promptly respond to user feedback and complaints to enhance user trust and loyalty. 

Platform Factors: These refer to the influence of the platform where products are purchased on 
users. From the association rule table, it can be seen that users may prefer to purchase products on 
well-known e-commerce platforms, as these platforms typically offer more choices and better 
services. Therefore, companies need to consider how to improve their platform competitiveness while 
ensuring consumer rights to attract more users and consumers. 

Price Sensitivity: This refers to the degree to which users are sensitive to changes in product prices, 
including price fluctuations that may occur due to big data price gouging (e.g., different prices for 
different mobile device brands and price increases after multiple views of the same product). From 
the association rule table, it can be seen that users' price sensitivity can have a certain impact on 
consumer psychological factors (trust in the platform). Therefore, companies need to price reasonably 
and avoid "double standards" in big data price gouging behavior to ensure consumer rights and win 
user trust. 

3.2. Users' Focus Points of Demand 

Information Literacy: This refers to users' proficiency in information technology and their ability 
to comprehensively assess and apply information. From the association rule table, it can be seen that 
consumers' information literacy is often influenced by personal preferences such as purchase decision 
impact, price sensitivity, and consumer psychological factors. Information literacy is an important 
means for individuals to avoid and review big data price gouging. Users need to continuously improve 
their purchase decision impact, price sensitivity, and consumer psychological factors to enhance their 
ability to discern information, effectively use technical information, assess the relevance and 
credibility of information, and evaluate the process and results of information use. Only in this way 
can users avoid being gouged by big data in consumption. 

Consumer Psychological Factors: These include consumers' values, attitudes, beliefs, and 
emotions towards platforms. These factors can influence users' purchasing behavior and preferences. 
From the above association rule table, it can also be seen that consumer psychological factors are 
very important. Therefore, in the face of the possibility of big data price gouging, we need not only 
regulatory authorities to adjust but also consumers to regulate their psychological factors to prevent 
big data from grasping their direct purchasing behavior preferences. 
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Figure 1. Ecological Benefits of Green Buildings 

 

As shown in Figure 1, the decision tree generated from the 1,376 sample data set reveals the 
following: (1) In the decision tree, "whether age is over 25" and "whether online shopping frequency 
exceeds once a week" have good distinguishing power and play an important role in whether 
consumers are subject to big data price gouging. (2) From the decision tree, it can be seen that 
consumers with "online shopping frequency exceeding once a week" have more frequent contact with 
online shopping platforms and product information, thus increasing the likelihood of being affected 
by big data price gouging. Consumers with high online shopping frequency may be more susceptible 
to personalized pricing strategies, leading to a higher probability of big data price gouging. (3) For 
the test sample ["yes", "yes", "yes"], the classification result is {"yes": 2.4, "no": 1.0}, so the 
classification of this sample is "yes." This means that consumers who are "over 25 years old" and 
have "online shopping frequency exceeding once a week" are more likely to be subject to big data 
price gouging. 

By analyzing these decision nodes, a deeper understanding of the correlation between purchase 
factors and the probability of big data price gouging can be achieved. This helps to better understand 
consumer behavior patterns, effectively cope with the phenomenon of big data price gouging, and 
improve consumer satisfaction. Based on the experimental results, the following conclusions can be 
drawn: Consumers over the age of 25 typically have more consumption history data available for 
analysis. These data can help companies more accurately understand consumers' preferences and 
behavior habits, thereby implementing personalized pricing and marketing strategies, including big 
data price gouging. Consumers over the age of 25 may have higher consumption capacity and demand, 
making them more likely to become targets for companies' personalized pricing strategies. Frequent 
online shoppers typically leave more data traces on platforms, enabling companies to better analyze 
their behavior and implement big data price gouging strategies. Frequent online shoppers may be 
considered a more active and sensitive consumer group, making them more likely to become targets 
for big data price gouging strategies. 

4. Conclusions 

This study focuses on investigating consumers' perception of price discrimination, coping 
strategies, and future consumption intentions in the big data era. By analyzing 1,376 valid 
questionnaires from five cities and prefectures in Xinjiang and employing methods such as Apriori 
association rules and the C4.5 decision tree model, the following conclusions were drawn: In terms 
of consumer perception, the majority of consumers have some understanding of big data price 
gouging, with over 70% having experienced it. Most consumers also believe that applications to avoid 
price gouging are significantly beneficial for protecting their rights. However, there are still some 
consumers who have limited understanding or hold different views. Regarding influencing factors, 
online reputation, platform factors, and price sensitivity are the focus points of consumer attention, 
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while information literacy and consumer psychological factors are the focus points of demand. There 
are complex associations between these factors. The decision tree analysis indicates that consumers 
over the age of 25 with online shopping frequency exceeding once a week are more likely to be 
subject to big data price gouging. This is because such consumers have more consumption data 
available for analysis, higher consumption capacity and demand, and leave more data traces on 
platforms. Overall, the phenomenon of big data price gouging is widespread, causing damage to 
consumer rights and the market economy environment. Consumers need to improve their information 
literacy and psychological regulation abilities. Relevant platforms should standardize their behavior, 
and the government should strengthen the implementation of avoidance policies to promote the 
healthy development of the digital economy. 
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