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ABSTRACT 

Against the backdrop of digital economy expansion, AI-powered precision marketing heavily shapes 

university students’ campus digital consumption. The Guangdong-Hong Kong-Macao Greater Bay Area 

(GBA), a strategic hub with concentrated youth consumption power, presents a distinct campus context 

characterized by enclosed physical spaces and synchronized schedules. This study utilizes the Analytic 

Hierarchy Process (AHP) to systematically identify, quantify, and prioritize key factors influencing GBA 

university students’ digital consumption decisions under AI-powered precision marketing. We construct a 

three-layer evaluation index system comprising 5 criterion layers (recommendation fit, marketing appeal, 

interactive experience, contextual fit, and data trust) and 25 measurable sub-indicators. Based on 114 valid 

questionnaires, weight calculations and consistency checks were performed. Results indicate that within the 

criterion layer, data trust exhibits the highest weight (0.2249), followed by interactive experience (0.2124), 

recommendation fit (0.1964), marketing appeal (0.1898), and contextual fit (0.1765). Globally, secure payment 

environment (0.0582), recommendation novelty (0.0510), and sufficient privacy protection (0.0507) emerge as 

the top three factors. Further analysis reveals that recommendation novelty outweighs preference matching; 

presentation of consumer feedback outperforms discount incentives; ease of use and cross-platform 

convenience take precedence over extreme response speed; and critical timing responsiveness prevails over 

real-time location adaptation. These findings demonstrate that GBA university students' decisions are 

characterized by "trust dominance, exploratory preference, social reliance, timing sensitivity, and convenience 

priority." This study provides a quantitative basis for relevant stakeholders to optimize the allocation of AI 

marketing resources. Meanwhile, it enriches the application of the AHP method in AI marketing and offers 

precise support for enterprises targeting the campus market. 

Keywords: AI-Powered Precision Marketing, Guangdong‑Hong Kong‑Macao Greater Bay Area, On‑campus 

Digital Consumption, Analytic Hierarchy Process (AHP), Decision‑making Characteristics. 

INTRODUCTION 

In the digital economy era, digital consumption has become a core engine driving domestic demand growth. 

Artificial intelligence has deeply penetrated the marketing domain, shifting precision marketing from 

experience driven to algorithm driven approaches and significantly improving the efficiency of information 

matching between firms and consumers. However, different consumption contexts exhibit distinct response 

mechanisms to AI-powered precision marketing, and generic marketing strategies are difficult to adapt to the 

demand characteristics of segmented markets. As a national strategic hub for the digital economy, the 

Guangdong-Hong Kong-Macao Greater Bay Area hosts a high density of universities and a concentrated youth 

consumption power; university campuses therefore constitute a distinctive digital consumption context 

characterized by enclosed physical spaces, homogeneous user profiles, synchronized consumption schedules, 

and clear demand cycles. This concentration attracts substantial investment interest from firms, especially 

chain operators pursuing cross regional standardized operations. Nevertheless, faced with numerous potential 
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influencing factors, firms lack a systematic basis for understanding the relative importance of these factors. 

The Analytic Hierarchy Process (AHP), as a mature tool for multi criteria decision making, can convert 

qualitative judgments into quantitative weights and thus provide methodological support for prioritizing 

precision marketing resource allocation. 

Based on the above background, this study aims to reveal the characteristics of on campus digital consumption 

among university students in the Guangdong-Hong Kong-Macao Greater Bay Area (GBA) from the 

perspective of AI-powered precision marketing. The specific objectives are threefold: first, to systematically 

identify the key factors influencing this group’s on campus digital consumption decisions; second, to quantify 

and rank the relative importance of these factors using AHP; third, to summarize the decision making 

characteristics of this group based on the weight results, with a view to providing reference for stakeholders’ 

AI marketing resource allocation in the campus market. 

LITERATURE REVIEW 

Research on university students’ on campus digital consumption 

Existing studies indicate that digital consumption has become the mainstream consumption form in 

contemporary society, and that university students—owing to their highly digitalized lifestyles—are frequent 

participants in digital consumption. Hamzah et al. (2026) show that Malaysian university students exhibit a 

high dependence on mobile payments and frequent online shopping behavior. In the Greater Bay Area, Wu et 

al. (2024) note the region’s advanced digital economy environment, and Zhao & Wei (2025) further find 

imbalances in the business environments across cities within the Bay Area, with a consumption capacity 

gradient between core and peripheral cities. These regional characteristics may amplify differences in digital 

consumption activity and purchasing power among Greater Bay Area university students. 

Regarding the contextual features of student consumption, prior research has highlighted the enclosed and 

concentrated nature of campus environments. Liu et al. (2025), drawing on consumer behavior and psychology 

theories and analyzing records such as dining frequency and spending amounts, demonstrate that students’ 

consumption behaviors are continuous and traceable, with demand showing high repetition rates and strong 

periodicity. Lamichhane (2025) finds that peer influence in digital transactions is an important trigger for 

excessive consumption among students; Ghorai (2025), in a review, also emphasizes that peer pressure is a key 

variable affecting young people’s risky financial behaviors. These findings indicate rapid social transmission 

within campuses and a prominent role for word of mouth effects in consumption decisions. Such 

characteristics lead scholars to regard the campus market as an ideal scenario for firms to implement precision 

marketing. Freedman & Connors (2010) find that appropriate information presentation and decision support 

can effectively intervene in students’ purchase choices, directly confirming the malleability and commercial 

value of campus digital consumption. In addition, Liu et al. (2025) note that students’ consumption records can 

effectively reflect their economic status and demand tiers, indicating a high potential for datafication of 

campus consumption. 

Overall, existing research generally concludes that the campus digital consumption ecosystem features 

concentrated consumption contexts, stable user groups, continuous behavioral data, high demand repetition 

rates, and rapid social transmission, offering firms a lower cost, higher efficiency market for precision 

marketing. With the increasing platformization and datafication of campus digital consumption, firms have 

begun to leverage artificial intelligence to improve marketing precision and conversion efficiency (Zhao et al., 

2024). Therefore, understanding the influence mechanisms of AI-powered precision marketing on student 

consumption decisions and identifying which key factors play more important roles in the Greater Bay Area 

campus context remain issues that warrant further investigation. 

Research on the impact of AI-powered precision marketing on consumer decision‑making 

Existing studies indicate that AI-powered precision marketing has gradually become an important marketing 

approach in digital consumption. Zhao et al. (2024) point out that recommendation systems based on large 

language models can effectively capture users’ long‑term preferences and short‑term behavioral intentions, 
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thereby enabling personalized recommendations. Chen et al. (2023) further find that the ability of 

recommendation systems to respond quickly and accurately to users’ current needs significantly affects 

perceived usefulness and satisfaction. In terms of price matching, Zheng et al. (2021) incorporate price 

perception into recommendation models and demonstrate that aligning the price range of recommended 

products with users’ purchasing power can effectively enhance purchase intention. Collectively, these studies 

show that AI marketing relies on user data to achieve personalized recommendations and content delivery, and 

has begun to deeply penetrate various consumption contexts, including university campuses. 

Regarding how AI marketing influences consumer decision‑making, existing research has conducted empirical 

examinations from multiple perspectives. The experiment by Bian & Che (2025) shows that AI‑generated 

review summaries enhance the “perceived diagnosticity” of information, helping users evaluate product quality 

more efficiently. Arvaj et al. (2025) find that AI‑generated visual content exhibits clear advantages in aesthetic 

appeal, particularly in promotional scenarios. In interaction processes, Kallweit et al. (2014) regard system 

responsiveness as a core dimension of service quality and confirm that long loading or feedback delays reduce 

users’ conversion intentions; Song et al. (2023) show that seamless interaction is a prerequisite for transaction 

completion. In push‑notification management, Pretolesi et al. (2025) note that users generally prefer to have 

customizable control over notification frequency, and excessive frequency leads to annoyance; Shin (2016) 

demonstrates that cross‑platform usability affects the coherence of decision‑making. 

In addition, users’ trust in AI marketing systems has also received extensive attention. Wach et al. (2023) 

identify data‑privacy violations, algorithmic bias, and lack of transparency as core risks of generative AI. 

Diederich et al. (2022) emphasize that the explainability of recommendation logic and the transparency of data 

collection are key factors influencing user trust. Jiang et al. (2023) directly address the damage caused by 

algorithmic discrimination (e.g., price discrimination) to user trust by designing a fairness‑verification system. 

Magesh et al. (2025) find that even with retrieval‑augmented generation, AI tools still exhibit hallucination 

rates as high as 17% to 33%. Although their study focuses on AI tools in the legal domain, the findings also 

serve as a warning for e‑commerce marketing: potential errors in AI‑generated content may undermine user 

trust. 

In summary, existing studies have identified multiple factors influencing consumer decision‑making in AI-

powered precision marketing. However, most current research focuses only on whether these factors exert 

significant effects, while lacking systematic quantitative comparison of their relative importance—particularly 

regarding which factors are more critical in the specific context of on‑campus digital consumption among 

university students in the Greater Bay Area. Therefore, this study employs the Analytic Hierarchy Process 

(AHP) to conduct weight analysis of the above factors, aiming to reveal their relative importance rankings in 

this context. 

RESEARCH METHODOLOGY 

Research design 

Analytic Hierarchy Process (AHP) 

When conducting multi‑criteria decision analysis, the AHP has become a widely adopted methodological tool 

in management, engineering, and consumer‑behavior research due to its theoretical advantage of decomposing 

complex problems into multi‑level hierarchical structures and deriving priority weights through pairwise 

comparisons (Saaty, 1990, 2008). The core of AHP lies in the following: decision‑makers first construct a 

hierarchical model consisting of the goal layer, criterion layer, and alternative layer; then, based on the 1–9 

scale, they perform pairwise comparisons among elements within the same layer to obtain a judgment matrix 

that reflects relative importance. On this basis, priority weights are calculated using the eigenvector method, 

and the logical consistency of judgments is assessed through the consistency ratio (Saaty, 2008). 

Because AHP can effectively handle evaluation contexts involving both qualitative indicators and quantitative 

data—especially in research problems with complex goal structures, limited objective data, or the need to 

integrate multiple subjective judgments—it has been widely applied across fields such as manufacturing, 
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environmental management, energy, transportation, healthcare, education, e‑commerce, and marketing (Sipahi 

& Timor, 2010; Vaidya & Kumar, 2006). In digital consumption and recommendation‑system research, 

scholars have used AHP to construct network‑based mobile‑phone recommendation systems and validated 

their feasibility and user satisfaction through controlled experiments with 244 users (Chen et al., 2010). Other 

studies have applied fuzzy AHP to analyze shifts in consumer decision‑making patterns in digital markets, 

finding that “innovation and trendiness” and “brand and quality” are the most prioritized factors (Kumar et al., 

2018). In addition, AHP has been integrated into occupational safety service‑quality evaluation to determine 

the relative weights of SERVPERF dimensions (Alp et al., 2022). 

In summary, AHP not only enables systematic handling of multi‑indicator and multi‑level evaluation problems 

but also reduces respondents’ cognitive burden through pairwise comparisons and ensures judgment reliability 

through consistency testing. Therefore, this study adopts AHP as the analytical tool for ranking the weights of 

key factors, aiming to reveal the relative importance of different influencing factors in the context of AI-

powered precision marketing shaping university students’ on‑campus digital consumption decisions in the 

Greater Bay Area. 

Construction of the AHP evaluation index system 

This study adopts the Analytic Hierarchy Process (AHP) to construct an evaluation index system for 

identifying the key factors through which AI-powered precision marketing influences university students’ 

on‑campus digital consumption decisions in the Greater Bay Area. According to the theoretical framework of 

AHP, the complex decision problem is first decomposed into a hierarchical structural model consisting of the 

goal layer, criterion layer, and alternative layer (Saaty, 2008). 

Goal Layer (G): The goal layer represents the highest level of the hierarchical model and reflects the ultimate 

purpose of the decision problem. In this study, the goal layer is defined as “Ranking the key factors through 

which AI-powered precision marketing influences university students’ on‑campus digital consumption 

decisions in the Greater Bay Area.” This layer focuses on identifying and quantifying the relative importance 

of the factors affecting students’ digital consumption decisions, thereby providing the basis for subsequent 

weight analysis and strategic recommendations. 

Criterion Layer (C): The criterion layer is the direct decomposition of the goal layer and represents the major 

dimensions influencing the achievement of the goal. The construction of the criterion layer in this study is 

based on two classical theoretical frameworks in the fields of consumer decision‑making and technology 

acceptance. First, the technology acceptance model points out that users’ acceptance of information systems is 

mainly driven by perceived usefulness and perceived ease of use (Davis, 1989). In the context of AI-powered 

precision marketing, perceived usefulness is reflected in the degree to which recommended content matches 

user needs, while perceived ease of use is reflected in the smoothness of the interaction process and the 

responsiveness of the technology. Second, the elaboration likelihood model reveals that when individuals lack 

cognitive motivation or ability, their attitudes and decisions are more easily influenced by peripheral cues 

(Petty & Cacioppo, 1986). In the high‑frequency, multi‑task scenario of university students’ on‑campus digital 

consumption, the attractiveness of marketing content, promotional incentives, and consumption feedback often 

directly determine the effectiveness of persuasion. In addition, situation awareness theory emphasizes that the 

system’s adaptation to time, location, and user activity status is key to enhancing service relevance; while the 

integrative model of trust divides users’ trust in technology into three dimensions—competence, integrity, and 

benevolence—providing a theoretical basis for understanding data security, algorithmic fairness, and 

transparency. Based on the systematic integration of the above theories and related empirical literature, this 

study identifies five core dimensions influencing university students’ on‑campus digital consumption decisions 

in the context of AI-powered precision marketing: recommendation fit, marketing appeal, interactive 

experience, contextual fit, and data trust. The core connotations of each dimension are shown in Table 1. 
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Table 1 Overview of Criterion Layer 

Dimension 

Code 
Dimension Name Core Connotation 

Literature 

Support 

C1 
Recommendation 

Fit 

Degree to which AI recommendations align with users' 

consumption needs, preferences, and purchasing power. 

Zhao et al. 

(2024) 

C2 Marketing Appeal 
Persuasive strength of AI marketing in information 

presentation, discount incentives, and purchase feedback. 

Bian & Che 

(2025) 

C3 
Interactive 

Experience 

Smoothness of user interaction with the AI marketing system 

in terms of operation and technical response. 

Chen et al. 

(2021) 

C4 Contextual Fit 
Extent to which AI marketing content adapts to users' current 

time, location, and usage context. 

Chafiki et al. 

(2026) 

C5 Data Trust 
Users' trust in the AI marketing system regarding data use, 

privacy protection, and transaction security. 

Diederich et 

al. (2022) 

Alternative Layer (A): The alternative layer is a further refinement of the criterion layer, with five specific and 

measurable indicators set under each criterion, resulting in a total of 25 alternative‑level indicators. Each 

indicator is grounded in classical theoretical frameworks and supported by relevant empirical literature. The 

indicators are explained under each criterion in the following sections. 

Table 2 Overview of the C1 Recommendation Fit Dimension 

Indicator 

Code 

Indicator Name Indicator Description Theoretical 

Support 

Literature 

Support 

C1-1 Immediate Need 

Matching 

Degree to which AI recommendations align 

with users' current immediate consumption 

needs. 

Expectation 

Confirmation 

Theory 

Chen et 

al. (2023) 

C1-2 Interest Matching Degree to which AI recommendations 

correspond to users' long-term consumption 

preferences and interests. 

Collaborative 

Filtering Theory 

Zhao et 

al. (2024) 

C1-3 Spending Tier 

Matching 

Degree to which the price range of 

AI-recommended products fits users' routine 

spending capacity. 

Prospect Theory Zheng et 

al. (2021) 

C1-4 Recommendation 

Novelty 

Degree to which AI recommendations 

provide exploratory and non-redundant 

information while maintaining accuracy. 

Exploration–

Exploitation 

Theory 

Wang et 

al. (2014) 

C1-5 Algorithmic Update 

Responsiveness 

Speed at which AI adjusts recommendations 

in real time based on users' latest behaviors. 

Adaptive 

Learning Theory 

Deldjoo 

(2025) 

Table 3 Overview of the C2 Marketing Appeal Dimension 

Indicator 

Code 
Indicator Name Indicator Description 

Theoretical 

Support 

Literature 

Support 

C2-1 Information 

Accuracy and 

Truthfulness and credibility of AI-pushed 

information regarding product descriptions, 
Information Magesh et 
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Indicator 

Code 
Indicator Name Indicator Description 

Theoretical 

Support 

Literature 

Support 

Reliability specifications, and reviews. Quality Theory al. (2025) 

C2-2 
Clear Discount 

Incentives 

Attractiveness of economic incentives in AI 

marketing such as discounts, bundle 

reductions, and exclusive offers. 

Prospect Theory 
Nguyen et 

al. (2019) 

C2-3 
Clear Decision 

Support 

Effectiveness of AI marketing in helping 

users quickly compare and filter products. 

Cognitive Load 

Theory 

Bian & Che 

(2025) 

C2-4 
Engaging 

Content 

Attractiveness of AI-generated or optimized 

marketing content in visuals, copy, and 

interactive formats. 

Hedonic 

Motivation 

Theory 

Arvaj et al. 

(2025) 

C2-5 

Presentation of 

Consumer 

Feedback 

Degree to which user ratings, sales figures, 

and consumption feedback are presented 

within AI marketing content. 

Social Proof 

Theory 

Bian & Che 

(2025) 

Table 4 Overview of the C3 Interactive Experience Dimension 

Indicator 

Code 

Indicator Name Indicator Description Theoretical Support Literature 

Support 

C3-1 Ease of Use Simplicity and usability of the AI 

recommendation interface during 

browsing, selection, and checkout. 

Technology Acceptance 

Model (Perceived Ease 

of Use) 

Tan & Lim 

(2023) 

C3-2 System 

Responsiveness 

Response speed of the AI system in 

page loading, information feedback, 

and payment processing. 

System Response Time 

Theory 

Kallweit et 

al. (2014) 

C3-3 Seamless 

Interaction 

Fluency of AI customer service or 

shopping assistant in understanding 

user needs and exchanging feedback. 

Social Response Theory Song et al. 

(2023) 

C3-4 Reasonable 

Push Frequency 

Appropriateness of AI marketing push 

intervals and the number of pushes. 

Interference Theory Pretolesi et 

al. (2025) 

C3-5 Cross-platform 

Usability 

Degree of information synchronization 

and continuity of use for AI marketing 

services across different devices. 

Seamless Experience 

Theory 

Shin (2016) 

Table 5 Overview of the C4 Contextual Fit Dimension 

Indicator 

Code 

Indicator 

Name 

Indicator Description Theoretical Support Literature 

Support 

C4-1 Push Timing 

Match 

Degree to which AI marketing push timing aligns 

with users' peak consumption activity periods. 

Moment Marketing 

Theory 

Zhu et al. 

(2023) 

C4-2 Location 

Matching 

Degree to which AI recommendations relate to 

consumption services near the user's current 

location. 

Location-Based 

Services Theory 

Zhu et al. 

(2023) 
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C4-3 Current State 

Matching 

Relevance of AI push content to the user's present 

activity or situational state. 

Activity Theory Chafiki et 

al. (2026) 

C4-4 Key Moment 

Matching 

AI's ability to identify and respond to critical 

consumption moments such as promotions or exam 

weeks. 

Event-Driven 

Marketing Theory 

Zhu et al. 

(2023) 

C4-5 Information 

Presentation 

Adaptation 

Degree to which AI marketing adapts push formats 

to the user's current usage context. 

Adaptive Interface 

Theory 

Wang et 

al. (2024) 

Table 6 Overview of the C5 Data Trust Dimension 

Indicator 

Code 

Indicator Name Indicator Description Theoretical 

Support 

Literature 

Support 

C5-1 Transparent Data 

Collection 

Degree to which the AI marketing platform 

discloses the scope of data collection and 

its intended uses. 

Fair Information 

Practices 

Sundjaja et 

al. (2025) 

C5-2 Adequate Privacy 

Protection 

Extent to which the AI system ensures user 

data security and privacy protection. 

Privacy-preserving 

Computation 

Theory 

Utami & 

Aimin 

(2026) 

C5-3 Recommendation 

Logic Explanation 

Degree to which the AI system explains the 

basis and reasons for its recommendations. 

Explainable AI 

Theory 

Diederich et 

al. (2022) 

C5-4 Secure Payment 

Environment 

Level of financial and account security 

guarantees provided during the payment 

process in the AI marketing system. 

E-commerce Trust 

Model 

Jiang et al. 

(2023) 

C5-5 Algorithmic 

Fairness 

Fairness of the AI system in 

recommendation, pricing, and allocation of 

discounts. 

Algorithmic 

Fairness Theory 

Jiang et al. 

(2023) 

The AHP hierarchical structure model constructed in this study is shown in Figure 1. The goal layer is defined 

as “Ranking the key factors through which AI-powered precision marketing influences university students’ 

on‑campus digital consumption decisions in the Greater Bay Area.” The criterion layer consists of five 

dimensions—recommendation fit, contextual fit, marketing appeal, data trust, and interactive experience. 

Under each criterion, five alternative‑level indicators are established, forming a three‑level hierarchical 

structure. 

  

Figure 1. Schematic of the Analytic Hierarchy Process (AHP) hierarchical model 
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Questionnaire development 

This study employed a questionnaire survey to collect data, and the questionnaire design strictly followed the 

theoretical and application standards of the Analytic Hierarchy Process (AHP) to ensure completeness of the 

measurement structure and data quality. The questionnaire consisted of two main parts. The first part collected 

respondents’ demographic characteristics and their exposure to and usage of AI-powered precision marketing, 

including gender, year of study, monthly living expenses, and place of study (cities within the Greater Bay 

Area). The second part constituted the core of the questionnaire, comprising AHP pairwise‑comparison items 

designed according to the 1–9 scale proposed by Saaty (1990), with a total of 60 pairwise‑comparison tasks. 

Respondents were required to compare the relative importance of the five criterion‑level dimensions—

recommendation fit, marketing appeal, interactive experience, contextual fit, and data trust—as well as the five 

alternative‑level indicators under each criterion. Through systematic design, this study constructed an 

evaluation system containing 60 pairwise‑comparison tasks, enabling the quantitative acquisition of relative 

weights across all hierarchical elements. 

Data collection 

This study targeted university students enrolled in institutions within the Guangdong‑Hong Kong‑Macao 

Greater Bay Area, requiring respondents to have actual experience with on‑campus digital consumption. Data 

were collected using a random‑sampling approach, combining online questionnaire distribution with offline 

campus channels to reach student groups across universities in the Greater Bay Area. Data collection took 

place from March 16 to April 9, 2026, yielding a total of 161 returned questionnaires. After screening and 

verification—excluding 47 invalid responses (criteria included excessively short completion time and highly 

patterned answers)—a final sample of 114 valid questionnaires was obtained, resulting in an effective response 

rate of 70.8%. 

Given that on‑campus digital consumption is characterized by high frequency, concentration, and strong 

contextual homogeneity, it effectively activates students’ sensitivity in evaluating AI‑generated 

recommendations, interactive experience, and Data Trust. Therefore, although the questionnaire measured 

respondents’ overall perceptions of AI-powered precision marketing, the subsequent analysis focuses 

specifically on the context of on‑campus digital consumption in the Greater Bay Area. This contextual focus 

enables the identification of the relative importance of influencing factors within this scenario and provides 

guidance for stakeholders in allocating AI marketing resources in the campus market. 

Research Analysis 

Sample analysis 

This study obtained a total of 114 valid samples. In terms of gender distribution, 62 respondents were male 

(54.4%) and 52 were female (45.6%), with the proportion of males slightly higher than that of females. 

Regarding grade level, 23 respondents were first‑year students (20.2%), 34 were second‑year students (29.8%), 

30 were third‑year students (26.3%), 26 were fourth‑year students (22.8%), and 1 respondent (0.9%) selected 

“other.” The distribution is relatively balanced, with second‑ and third‑year students forming the majority. For 

monthly living expenses, 12 respondents (10.5%) reported 1,500 RMB or below, 35 (30.7%) reported 1,501–

2,000 RMB, 29 (25.4%) reported 2,001–2,500 RMB, 20 (17.5%) reported 3,001–3,500 RMB, 15 (13.2%) 

reported 3,501–4,000 RMB, and 5 (4.4%) reported 4,001 RMB or above. No respondents fell within the 

2,501–3,000 RMB range. The majority were concentrated in the 1,501–2,500 RMB range (56 respondents, 

49.1%), which aligns with the typical consumption capacity of university students. Regarding place of study, 

respondents covered major cities in the Guangdong‑Hong Kong‑Macao Greater Bay Area: Guangzhou (23, 

20.2%), Shenzhen (15, 13.2%), Zhuhai (13, 11.4%), Dongguan (12, 10.5%), Foshan (11, 9.6%), Hong Kong 

(10, 8.8%), Macao (8, 7.0%), Huizhou (8, 7.0%), Zhongshan (7, 6.1%), Jiangmen (4, 3.5%), and Zhaoqing (4, 

3.5%). The sample covers the nine mainland cities and the Hong Kong–Macao regions, demonstrating good 

geographical diversity. 
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Overall, the sample exhibits strong diversity in gender, grade level, consumption level, and geographical 

distribution, providing a solid data foundation for the subsequent AHP weight analysis. 

Weight calculation and consistency testing 

This study aims to transform users’ subjective judgments regarding the importance of factors influencing 

university students’ on‑campus digital consumption decisions under AI-powered precision marketing into 

systematic and objective weights. Using the mathematical modeling techniques of the Analytic Hierarchy 

Process (AHP), qualitative user preferences are converted into mathematically grounded and highly reliable 

weight results through the construction of judgment matrices, the computation of eigenvectors, and rigorous 

consistency testing. The following section elaborates on the implementation principles and specific operational 

procedures of this method. 

(1) Calculating the weight vector: The geometric mean method is used to calculate the relative weight of each 

indicator. First, the geometric mean of each row in the judgment matrix is computed as follows: 

  (1) 

aij denotes the relative importance scale of indicator i with respect to indicator j, and the judgment matrix A 

satisfies the positive reciprocal property aij=1/aji. 

(2) Compute the maximum eigenvalue λmax: To test the consistency of the judgment matrix, its maximum 

eigenvalue λmax must be calculated. 

  (2) 

w'i denotes the i component of the vector w'. 

  (3) 

(3) Consistency test: to ensure the logical consistency of the decision maker's judgment, consistency test is 

needed. First, calculate the Consistency Index (C.I.): 

  (4) 

Refer to the table7 below for the average Random Index (R.I.) (Saaty, 1990): 

Table 7 Standard Random Index (R.I.) Values 

Matrix Order (n) 1 2 3 4 5 6 7 8 9 

R.I. 0.00 0.00 0.58 0.90 1.12 1.24 1.32 1.41 1.45 

The consistency ratio (C.R.) is calculated as follows: 
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  (5) 

According to Saaty’s consistency‑testing criterion, if the Consistency Ratio (C.R.) of a judgment matrix is less 

than 0.10, the matrix is considered to have high credibility and the weight vector can be extracted; otherwise, 

the initial judgment matrix must be revised and optimized. 

Consistency testing analysis 

This study adopts the Consistency Ratio (CR) proposed by Saaty (1990) to examine the logical consistency of 

the judgment matrices. This indicator measures the degree of consistency in respondents’ pairwise 

comparisons, with CR < 0.1 commonly used as the acceptable threshold. The calculation results indicate that 

the consistency ratios (CR) of the judgment matrices for both the criterion and alternative layers are less than 

0.10 (CR < 0.10), all passing the consistency check and demonstrating good logical consistency and reliability 

of the data. 

Results Analysis 

According to the calculation steps of formulas (1) to (5), the judgment matrices from the 114 valid AHP 

questionnaires were aggregated using the geometric mean to construct the group judgment matrix, after which 

the weights and consistency ratios of each hierarchical indicator were calculated one by one. Specifically, the 

weight ranking within the criterion layer is as follows: data trust (0.2249) > interactive experience (0.2124) > 

recommendation fit (0.1964) > marketing appeal (0.1898) > contextual fit (0.1765).The weight calculation 

results, consistency‑test parameters, global rankings, and criterion‑layer codes for both the criterion layer and 

the alternative layer are presented in Table 8. 

Table 8 AHP Evaluation Index System Weights and Consistency Test Results Criterion‑level summary 

criterion‑l

ayer 

codes 

Criterion‑level 

Weight, CI, RI, 

and CR 

Is 

CR < 

0.1 

Weight 

Ranking 

Indicator‑level 

Element Name 

Weight Local 

Rank 

Global 

Weight 

Overall 

Rank 

C5 Data Trust 

Weight：0.2249 

CI: 0.0205 

RI：1.12， 

CR: 0.0183 

Yes 1 Secure Payment 

Environment 

0.2589 1 0.0582 1 

Adequate Privacy 

Protection 

0.2255 2 0.0507 3 

Algorithmic Fairness 0.1920 3 0.0432 7 

Transparent Data 

Collection 

0.1724 4 0.0388 11 

Recommendation 

Logic Explanation 

0.1540 5 0.0346 22 

C3 Interactive 

Experience 

Weight：0.2124 

CI: 0.0364 

Yes 2 Ease of Use 0.2373 1 0.0504 4 

Cross-platform 

Usability 

0.2247 2 0.0477 5 

Reasonable Push 

Frequency 

0.1963 3 0.0417 9 
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RI：1.12， 

CR: 0.0325 

Seamless Interaction 0.1756 4 0.0373 14 

System 

Responsiveness 

0.1661 5 0.0353 20 

C1 Recommendation 

Fit 

Weight：0.1964 

CI: 0.0390 

RI：1.12， 

CR: 0.0348 

Yes 3 Recommendation 

Novelty 

0.2595 1 0.0510 2 

Algorithmic Update 

Responsiveness 

0.2032 2 0.0399 10 

Spending Tier 

Matching 

0.1951 3 0.0383 12 

Immediate Need 

Matching 

0.1857 4 0.0365 18 

Interest Matching 0.1565 5 0.0307 24 

C2 Marketing Appeal 

Weight：0.1898 

CI: 0.0563 

RI：1.12， 

CR: 0.0503 

Yes 4 Presentation of 

Consumer Feedback 

0.2234 1 0.0424 8 

Clear Decision 

Support 

0.1984 2 0.0377 13 

Information Accuracy 

and Reliability 

0.1949 3 0.0370 15 

Engaging Content 0.1941 4 0.0368 16 

Clear Discount 

Incentives 

0.1891 5 0.0359 19 

C4 Contextual Fit 

Weight：0.1765 

CI: 0.0239 

RI：1.12， 

CR: 0.0213 

Yes 5 Key Moment 

Matching 

0.2539 1 0.0448 6 

Push Timing Match 0.2083 2 0.0368 17 

Location Matching 0.1980 3 0.0349 21 

Information 

Presentation 

Adaptation 

0.1912 4 0.0337 23 

Current State 

Matching 

0.1487 5 0.0262 25 

Based on the weight calculations and ranking results presented in Table 8, the following major findings can be 

summarized: First, at the criterion‑layer level, data trust has the highest weight (0.2249), followed by 

interactive experience (0.2124), recommendation fit (0.1964), marketing appeal (0.1898), and contextual fit 

(0.1765). This ranking indicates that, in campus digital consumption decisions, students in the Greater Bay 

Area place greater emphasis on data security, privacy protection, and algorithmic fairness of AI marketing 

systems than on the precision of recommended content or the attractiveness of marketing information. In the 

global ranking, secure payment environment ranks first (0.0582), while recommendation novelty (0.0510) and 

adequate privacy protection (0.0507) rank second and third. Notably, algorithmic fairness (0.0432) also enters 
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the global top ten, suggesting that students’ concern for algorithmic fairness has surpassed the stereotypical 

perception that they are primarily “price‑sensitive and discount‑driven.” It should be noted that the Greater 

Bay Area features diverse university types (mainland public universities, private universities, Hong Kong and 

Macao institutions, and joint programs) and cross‑border enrollment. The sample includes mainland students, 

Hong Kong and Macao students, and cross‑border commuters, giving the findings a degree of cross‑regional 

applicability. 

Second, within the internal weight distribution of each criterion‑layer dimension, three notable differences 

emerge. Within recommendation fit, recommendation novelty (0.2595) carries a higher weight than interest 

matching (0.1565), indicating that university students prefer exploratory and non‑repetitive AI 

recommendations rather than those limited to historical consumption records. This suggests that in campus 

contexts—where users possess high digital literacy and seek novelty—exploration may outweigh exploitation. 

Within marketing appeal, presentation of consumer feedback (0.2234) outweighs clear discount incentives 

(0.1891), showing that social‑proof information such as user reviews and sales volume exerts greater influence 

on decision‑making than economic incentives such as discounts or price reductions. The tight social networks 

on campus amplify the reference value of peer evaluations, making social proof a primary mechanism for 

reducing decision‑making costs. Within contextual fit, key‑moment matching (0.2539) and push‑timing 

matching (0.2083) carry higher weights than current‑state matching (0.1487) and location matching (0.1980), 

indicating that recognizing macro‑level event cycles—such as exam weeks or the start of the semester—is 

more effective than sensing users’ real‑time activity states. Collectively, these differences point to a core 

pattern: in campus digital consumption, exploratory, social, and timing‑related factors exert greater influence 

than traditional factors such as historical preferences, price incentives, and real‑time location. 

Third, within interactive experience, ease of operation (0.2373) and cross‑platform usability (0.2247) carry 

higher weights than system responsiveness (0.1661), indicating that interface friendliness and multi‑device 

coordination have a greater impact on decision‑making than millisecond‑level response speed. This suggests 

that in high‑frequency, fragmented campus consumption scenarios, users exhibit relatively high tolerance for 

loading delays, while streamlined interaction paths and seamless device switching exert stronger influence on 

decisions. 

These three findings collectively reveal the fundamental characteristics of Greater Bay Area university 

students’ on‑campus digital consumption decisions under the influence of AI-powered precision marketing: 

trust takes precedence over precision, exploration and social proof outweigh historical preferences and price 

incentives, and macro‑level timing and interface usability matter more than micro‑level contextual cues and 

extreme system performance. These findings provide a quantitative basis for further summarizing the core 

characteristics of consumption decision‑making in the following section. 

CONCLUSION AND RECOMMENDATIONS 

Research findings 

This study, through AHP‑based weight calculations, reveals three core characteristics of Greater Bay Area 

university students’ on‑campus digital consumption decisions under the influence of AI-powered precision 

marketing. First, trust is the highest decision threshold: the weights of secure payment environment and 

adequate privacy protection rank first and third globally, indicating that data trust surpasses recommendation 

fit and marketing appeal to become the primary prerequisite for this group’s consumption decisions. Second, 

exploration and social influence outweigh historical dependence and economic incentives: the weight of 

recommendation novelty is significantly higher than that of interest matching, and presentation of consumer 

feedback outweighs clear discount incentives, suggesting that in high‑frequency campus consumption 

scenarios, users prefer non‑repetitive recommendations and find peer evaluations more persuasive than price 

discounts. Third, interface ease‑of‑use and cross‑platform experience matter more than extreme system 

performance: the weights of ease of operation and cross‑platform usability are far higher than that of system 

responsiveness, indicating that enterprises should prioritize optimizing interaction paths and multi‑device 

synchronization rather than pursuing millisecond‑level response speed. In summary, the unique context of 
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cross‑border enrollment and diverse university types in the Greater Bay Area further highlights the strategic 

importance of data cross‑border security, algorithmic fairness, and cross‑terminal collaborative experience. 

Recommendations 

The above conclusions reveal the main behavioral logic underlying the digital consumption decisions of 

university students in the Greater Bay Area. Trust is the primary threshold; recommendation novelty exerts 

greater influence than historical preferences; social‑proof information outweighs price discounts; key moments 

matter more than real‑time location; and interface friendliness and cross‑platform convenience are more 

important than extreme response speed. These characteristics not only reflect the common preferences of this 

group but also provide clear focal points for optimizing AI-powered precision marketing strategies at different 

levels. Based on this, this section proposes the following targeted recommendations from the perspectives of 

three relevant stakeholders. 

Algorithm optimization recommendations for e‑commerce platforms and AI technology providers 

Data Trust is the highest‑weighted criterion, with secure payment environment (global rank 1) and adequate 

privacy protection (global rank 3) carrying the greatest weights. Platforms should prioritize strengthening 

security authentication in payment processes and provide safety‑insurance reminders for cross‑border 

transactions, while also establishing clear privacy policies that specify the scope of data collection. Regarding 

algorithmic fairness (global rank 7), platforms may proactively display price differences and their causes for 

the same product across Guangzhou, Hong Kong, and Macao to enhance price transparency. Within the 

recommendation fit dimension, recommendation novelty (global rank 2) carries a higher weight than interest 

matching (global rank 24), suggesting that platforms may retain personalized recommendations while 

allocating 15%–20% of recommendation slots to exploratory content such as cross‑border new arrivals to 

avoid “accurate but not novel” recommendation patterns. Although the overall weight of contextual fit is 

relatively low, key‑moment matching ranks sixth globally, indicating that platforms should collect 

academic‑calendar data from universities in the Greater Bay Area and adjust recommendation strategies during 

key periods such as exam weeks and the beginning of semesters. 

Marketing strategy recommendations for chain enterprises and brand merchants 

Similarly, based on data trust, secure payment environment (global rank 1) and adequate privacy protection 

(global rank 3) are foundational elements that enterprises must prioritize. Enterprises are advised to display 

security‑certification labels on payment pages and provide simplified/traditional Chinese bilingual privacy 

statements for Hong Kong and Macao students. Given the high weight of recommendation novelty (global 

rank 2), enterprises may include a moderate proportion of cross‑border specialty products (such as Hong 

Kong‑version electronics or duty‑free cosmetics) in recommendation lists while controlling price ranges 

(consumption‑level matching, global rank 12) to avoid exceeding students’ purchasing capacity. Within 

marketing appeal, presentation of consumer feedback (global rank 8) carries a higher weight than clear 

discount incentives (global rank 19), suggesting that enterprises should highlight user reviews, sales volume, 

and other social‑proof information, for example by developing a “Greater Bay Area campus circle” feature that 

displays purchase activities of students from the same university, while discounts may be paired with 

“group‑purchase exclusive prices.” Given that interactive experience ranks second overall, with ease of 

operation (global rank 4) and cross‑platform usability (global rank 5) far outweighing system responsiveness 

(global rank 20), enterprises should prioritize simplifying checkout procedures and ensuring synchronized 

shopping carts across devices. 

Collaborative recommendations for universities and regulatory authorities 

Secure payment environment (global rank 1) and adequate privacy protection (global rank 3) require external 

support. It is recommended that education authorities in Guangdong, Hong Kong, and Macao jointly issue 

guidelines on personal‑information protection for campus digital consumption in the Greater Bay Area to 

standardize data collection and processing practices; regulatory agencies should treat payment‑security review 

as a key criterion for market entry in campus settings and conduct inspections to identify potential price 
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discrimination (algorithmic fairness, global rank 7), while establishing complaint channels for campus users. 

Given the significant influence of key‑moment matching (global rank 6) on consumption decisions, 

universities may—without involving personal privacy—provide desensitized campus‑behavior data (such as 

cafeteria peak hours or library traffic) to partner enterprises to help identify key periods such as exam weeks 

and the start of semesters. Since interactive experience ranks second overall, universities may guide students to 

make reasonable use of cross‑platform services to enhance the convenience of digital consumption. 

ACKNOWLEDGMENT 

This research work was funded by the 2026 Zhaoqing University University-level Research Project (Local 

Economic and Social Development Service Program, China) under Grant No. fw202612. We deeply appreciate 

the financial support and encouragement. 

REFERENCES 

1. Alp, S., Yilmaz, F., & Geçici, E. (2022). Evaluation of the quality of health and safety services with 

SERVPERF and multi-attribute decision-making methods. International Journal of Occupational Safety 

and Ergonomics, 28(4), 2216–2226. https://doi.org/10.1080/10803548.2021.1984711 

2. Arvaj, L. B., Šubic, T., & Ahtik, J. (2025). Analysis of relevance and appeal of visual presentation of 

meat products generated using artificial intelligence. Applied Sciences, 15(15), 8328–8350. 

https://doi.org/10.3390/app15158328 

3. Bian, Z., & Che, C. (2025). How AI overview of customer reviews influences consumer perceptions in 

e-commerce. Journal of Theoretical and Applied Electronic Commerce Research, 20(4), 315–331. 

https://doi.org/10.3390/jtaer20040315 

4. Chafiki, M. E. A., Stitini, O., & Kaloun, S. (2026). A systematic review of advancements in context-

aware recommendation systems. Knowledge and Information Systems, 68(1), 11–54. 

https://doi.org/10.1007/s10115-025-02627-8 

5. Chen, D. N., Hu, P. J. H., Kuo, Y. R., & Liang, T. P. (2010). A Web-based personalized 

recommendation system for mobile phone selection: Design, implementation, and evaluation. Expert 

Systems with Applications, 37(12), 8201–8210. https://doi.org/10.1016/j.eswa.2010.05.066 

6. Chen, J. S., Le, T. T. Y., & Florence, D. (2021). Usability and responsiveness of artificial intelligence 

chatbot on online customer experience in e-retailing. International Journal of Retail & Distribution 

Management, 49(11), 1512–1531. https://doi.org/10.1108/IJRDM-08-2020-0312 

7. Chen, Q., Lu, Y., Gong, Y., & Xiong, J. (2023). Can AI chatbots help retain customers? Impact of AI 

service quality on customer loyalty. Internet Research, 33(6), 2205–2243. 

https://doi.org/10.1108/INTR-09-2021-0686 

8. Davis, F. D. (1989). Perceived usefulness, perceived ease of use, and user acceptance of information 

technology. MIS Quarterly, 13(3), 319–340. https://doi.org/10.2307/2490 

9. Deldjoo, Y. (2025). Understanding biases in ChatGPT-based recommender systems: Provider fairness, 

temporal stability, and recency. ACM Transactions on Recommender Systems, 4(2), 1–35. 

https://doi.org/10.1145/3690655 

10. Diederich, S., Brendel, A. B., Morana, S., & Kolbe, L. (2022). On the design of and interaction with 

conversational agents. Journal of the Association for Information Systems, 23(1), 96–138. 

https://doi.org/10.17705/1jais.00724 

11. Freedman, M. R., & Connors, R. (2010). Point-of-purchase nutrition information influences food-

purchasing behaviors of college students: A pilot study. Journal of the American Dietetic Association, 

110(8), 1222–1226. https://doi.org/10.1016/j.jada.2010.05.002 

12. Ghorai, S. (2025). A study on the young students' spending pattern: A structured literature review. 

Journal of Academic Advancement, 4(2), 14–22. https://doi.org/10.58574/jaa.2025.v4.i2.02 

13. Hamzah, A. A., Gazali, H. M., & Hussien, S. N. M. (2026). Digital consumption in higher education: 

An analysis of online spending among Labuan's university students. Journal of Business Management 

and Accounting, 16(1), 82–102. https://doi.org/10.32890/jbma2026.16.1.5 

https://rsisinternational.org/journals/ijrsi
https://rsisinternational.org/journals/ijrsi
http://www.rsisinternational.org/


INTERNATIONAL JOURNAL OF RESEARCH AND SCIENTIFIC INNOVATION (IJRSI) 

ISSN No. 2321-2705 | DOI: 10.51244/IJRSI |Volume XIII Issue VI June 2026 

Page 209 
www.rsisinternational.org 

 
 

    

 

14. Jiang, T., Yuan, X., Cheng, Q., Shen, Y., Wang, L., & Ma, J. (2023). FairECom: Towards proof of e-

commerce fairness against price discrimination. IEEE Transactions on Dependable and Secure 

Computing, 21(4), 3528–3544. https://doi.org/10.1109/TDSC.2023.3334197 

15. Kallweit, K., Spreer, P., & Toporowski, W. (2014). Why do customers use self-service information 

technologies in retail? Journal of Retailing and Consumer Services, 21(3), 268–276. 

https://doi.org/10.1016/j.jretconser.2014.02.002 

16. Kumar, A., Mangla, S. K., Luthra, S., Rana, N. P., & Dwivedi, Y. K. (2018). Predicting changing 

pattern: Building model for consumer decision making in digital market. Journal of Enterprise 

Information Management, 31(5), 674–703. https://doi.org/10.1108/JEIM-01-2018-0003 

17. Lamichhane, K. J. (2025). Spending behaviour of Gen Z consumers in the use of digital payment 

systems. Journal of Business and Social Sciences Research, 10(1), 49–64. 

https://doi.org/10.3126/jbssr.v10i1.80318 

18. Liu, X., Liu, S., Hu, X., Zhang, Y., & Fang, X. (2025). CBIR: A novel identification approach for 

college students in need based on consumer behavior psychology theory. Neural Computing and 

Applications, 37(6), 4663–4677. https://doi.org/10.1007/s00521-024-10900-0 

19. Magesh, V., Surani, F., Dahl, M., Suzgun, M., Manning, C. D., & Ho, D. E. (2025). Hallucination-

free? Assessing the reliability of leading AI legal research tools. Journal of Empirical Legal Studies, 

22(2), 216–242. https://doi.org/10.1111/jels.12413 

20. Nguyen, M. T. T., Emberger-Klein, A., & Menrad, K. (2019). A systematic review on the effects of 

personalized price promotion for food products. Journal of Food Products Marketing, 25(3), 257–275. 

https://doi.org/10.1080/10454446.2018.1529647 

21. Petty, R. E., & Cacioppo, J. T. (1986). The elaboration likelihood model of persuasion. In Advances in 

Experimental Social Psychology (Vol. 19, pp. 123–205). Academic Press. 

https://doi.org/10.1016/S0065-2601(08)60214-2 

22. Pretolesi, D., Motnikar, L., Bieg, T., Gafert, M., & Uhl, J. (2025). Exploring user preferences: 

Customisation and attitudes towards notifications in mobile health and well-being applications. 

Behaviour & Information Technology, 44(1), 2–18. https://doi.org/10.1080/0144929X.2024.2434892 

23. Saaty, T. L. (1990). The analytic hierarchy process in conflict management. International Journal of 

Conflict Management, 1(1), 47–68. https://doi.org/10.1108/eb022672 

24. Saaty, T. L. (2008). Decision making with the analytic hierarchy process. International Journal of 

Services Sciences, 1(1), 83–98. https://doi.org/10.1504/IJSSCI.2008.017590 

25. Shin, D. H. (2016). Cross-platform users' experiences toward designing interusable systems. 

International Journal of Human-Computer Interaction, 32(7), 503–514. 

https://doi.org/10.1080/10447318.2016.1177277 

26. Sipahi, S., & Timor, M. (2010). The analytic hierarchy process and analytic network process: An 

overview of applications. Management Decision, 48(5), 775–808. 

https://doi.org/10.1108/00251741011043920 

27. Song, M., Xing, X., Duan, Y., & Mou, J. (2023). I can feel AI failure: The impact of service failure 

type and failure assessment on customer recovery expectation. Industrial Management & Data 

Systems, 123(12), 2949–2975. https://doi.org/10.1108/IMDS-10-2022-0643 

28. Sundjaja, A. M., Utomo, P., & Colline, F. (2025). The determinant factors of continuance use of 

customer service chatbot in Indonesia e-commerce. Journal of Science and Technology Policy 

Management, 16(1), 182–203. https://doi.org/10.1108/JSTPM-04-2024-0137 

29. Tan, P. K., & Lim, C. M. (2023). Factors that affect user satisfaction of using e-commerce chatbot: A 

study on Generation Z. International Journal of Business and Technology Management, 5(1), 292–303. 

https://doi.org/10.55057/ijbtm.2023.5.1.23 

30. Utami, R. D., & Aimin, W. (2026). Balancing personalization, privacy, and value: A systematic 

literature review of AI-enabled customer experience management. Information, 17(2), 115–139. 

https://doi.org/10.3390/info17020115 

31. Vaidya, O. S., & Kumar, S. (2006). Analytic hierarchy process: An overview of applications. European 

Journal of Operational Research, 169(1), 1–29. https://doi.org/10.1016/j.ejor.2004.04.028 

32. Wach, K., Duong, C. D., Ejdys, J., Kazlauskaitė, R., Korzynski, P., Mazurek, G., … & Ziemba, E. 

(2023). The dark side of generative artificial intelligence: A critical analysis of controversies and risks 

https://rsisinternational.org/journals/ijrsi
https://rsisinternational.org/journals/ijrsi
http://www.rsisinternational.org/


INTERNATIONAL JOURNAL OF RESEARCH AND SCIENTIFIC INNOVATION (IJRSI) 

ISSN No. 2321-2705 | DOI: 10.51244/IJRSI |Volume XIII Issue VI June 2026 

Page 210 
www.rsisinternational.org 

 
 

    

 

of ChatGPT. Entrepreneurial Business and Economics Review, 11(2), 7–30. 

https://doi.org/10.15678/EBER.2023.110201 

33. Wang, X., Wang, Y., Hsu, D., & Wang, Y. (2014). Exploration in interactive personalized music 

recommendation: A reinforcement learning approach. ACM Transactions on Multimedia Computing, 

Communications, and Applications, 11(1), 1–22. https://doi.org/10.1145/2623372 

34. Wang, Y., Ma, X., & Yan, L. (2024). Research on AI-driven personalized web interface adaptation 

strategies and user satisfaction evaluation. Journal of Computing Innovations and Applications, 2(1), 

32–45. https://doi.org/10.63575/CIA.2024.20104 

35. Wu, F., Li, M., & Huang, H. (2024). Innovation ecosystems and sustainable high innovation 

performance: Evidence from the Guangdong-Hong Kong-Macao Greater Bay Area. Sustainability, 

16(21), 9487–9512. https://doi.org/10.3390/su16219487 

36. Zhao, F., & Wei, Q. (2025). Measurement and spatio-temporal evolution analysis of the business 

environment in the Guangdong-Hong Kong-Macao Greater Bay Area. Sustainability, 17(16), 7426–

7462. https://doi.org/10.3390/su17167426 

37. Zhao, Z., Fan, W., Li, J., Liu, Y., Mei, X., Wang, Y., … & Li, Q. (2024). Recommender systems in the 

era of large language models (LLMs). IEEE Transactions on Knowledge and Data Engineering, 36(11), 

6889–6907. https://doi.org/10.1109/TKDE.2024.3392335 

38. Zheng, Y., Gao, C., He, X., Jin, D., & Li, Y. (2021). Incorporating price into recommendation with 

graph convolutional networks. IEEE Transactions on Knowledge and Data Engineering, 35(2), 1609–

1623. https://doi.org/10.1109/TKDE.2021.3091160 

39. Zhu, L., Sun, M., & Yu, L. (2023). Research on personalized advertisement recommendation methods 

based on context awareness. Journal of Advanced Computing Systems, 3(10), 39–53. 

https://doi.org/10.69987/JACS.2023.31004 

https://rsisinternational.org/journals/ijrsi
https://rsisinternational.org/journals/ijrsi
http://www.rsisinternational.org/

