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Abstract 

This study examines how AI-based recommendation system features influence online impulse 

buying behavior through the mediating role of fear of missing out (FOMO), based on the 

Stimulus-Organism-Response (S-O-R) framework. Using data from 365 online shoppers 

analyzed with PLS-SEM, four system attributes: accuracy, diversity, portability, and visual 

appeal were tested as stimuli affecting consumer responses. The structural and mediation 

analyses revealed that portability (β = 0.161, p < 0.001) and visual appeal (β = 0.238, p <0.01) 

significantly enhanced FOMO, which in turn increased impulse buying behavior (β = 0.350, p < 

0.001). In contrast, accuracy (β = –0.101, p < 0.05) showed a negative effect, and diversity (β = 

0.089, p = 0.051) showed no significant impact. FOMO fully mediated the relationships between 

portability, visual appeal, and impulse buying, confirming its central emotional role. 

Theoretically, the findings extend the S-O-R framework to AI-driven shopping environments by 

emphasizing emotional rather than purely functional system effects. Practically, enhancing visual 

appeal and portability can effectively boost user engagement, but ethical considerations are 

crucial to avoid excessive psychological influence. 

 

Keywords: AI-based recommendation system, fear of missing out, mobile shopping application, 

online impulse buying behavior, stimulus-organism-responses (S-O-R) model. 

 

1. Introduction 

The rapid development of technology has significantly transformed shopping habits, with e-

commerce showing remarkable growth, especially after the COVID-19 pandemic. According 
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to Statista Market Forecast (2024), global e-commerce revenue surged by 66.5%, from USD 

1.93 trillion in 2019 to USD 3.22 trillion in 2021, and is expected to reach USD 5.89 trillion 

by 2029. Mobile shopping has become a major trend, with mobile e-commerce usage rising 

from 33.8% in 2017 to a projected 58.7% by 2028 (Statista Market Forecast, 2024). In early 

2024, mobile shopping apps in the U.S. generated USD 280.4 billion in sales, 47.7% of total 

online purchases, while over 76% of smartphone users shopped via mobile apps (Quickway 

Infosystems, 2025). 

Vietnam reflects this global shift, emerging as one of Southeast Asia’s most dynamic e-

commerce markets. In the first half of 2024, Vietnamese consumers spent approximately 

143.9 trillion VND (USD 5.68 billion) on online platforms, representing a 55% increase in 

transaction value and a 66% rise in purchase volume compared to 2023. Between 2020 and 

2024, the country’s e-commerce sector achieved an annual growth rate from 16% to 30% (Vu, 

2024). Notably, 96% of Vietnamese consumers shop via smartphones, which account for 70% 

of online purchases (Payment & Commerce Market Intelligent, 2024). 

Since OpenAI’s release of ChatGPT in 2022 (Wong et al., 2023), artificial intelligence (AI) 

has become transformative across numerous fields, including education, customer service, and 

business. In e-commerce, AI is widely used to enhance personalization and user experience 

through recommendation systems (Yin et al., 2025). The market for AI-based recommender 

systems reached USD 2.8 billion in 2023 and is projected to grow to USD 34.4 billion by 

2033, with a CAGR of 28.5% (Shinde, 2024). Major platforms such as Amazon, Taobao, 

Shopee, and TikTok Shop invest heavily in AI to analyze user behavior and provide tailored 

product suggestions. Amazon alone allocates 35% of its sales to recommendation engine 

development (Market.us, 2024). 

From a consumer perspective, personalization strongly influences shopping behavior. Forbes 

Technology Council (2025) reports that 71% of consumers expect personalized suggestions, 

while 91% are more likely to engage with brands offering customized recommendations. This 

personalization trend also affects impulse buying, which has become a major contributor to 
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retail sales. According to Capital One Shopping Research (2025), 89% of U.S. shoppers make 

impulse purchases, with 54% spending over USD 100 impulsively. 

Recent studies have increasingly explained AI-based recommendation systems in e-commerce, 

making this a new direction of research (Valencia-Arias et al., 2024). Some researchers have 

focused on expanding recommendation systems with AI techniques (Pujastuti et al., 2022; 

Tahir et al., 2021; Wang & Qiu, 2021), while others have explored how these systems 

enhance customer experience and sales (Zhao et al., 2025). However, Valencia-Arias et al. 

(2024) identified four key research gaps, including the limited investigation of personalized 

recommendations from a psychological perspective and the modest number of studies on the 

impact of AI-driven recommendation systems on consumer behavior. 

Impulse buying behavior is another well-studied topic that continues to attract global research 

interest. Redine et al. (2023) reported that scholars from many countries have examined this 

behavior, mainly in e-commerce and traditional retail contexts. Ampadu et al. (2022), for 

example, analyzed how recommended product quality affects e-impulse buying, mediated by 

affective image and satisfaction, and moderated by online reviews. Similarly, Floh and 

Madlberger (2013) applied the Stimulus-Organism-Response (S-O-R) model to explore how 

virtual atmospheric cues influence online impulse purchases. Despite these contributions, gaps 

remain, particularly concerning mobile commerce contexts, time- and quantity-limited deals, 

and research in developing countries (Redine et al., 2023). 

To address these gaps, this study explores the impact of AI-based recommendation systems on 

consumer behavior, focusing specifically on impulse buying in Vietnam’s mobile commerce 

(m-commerce) context. Employed in the S-O-R framework, the study aims to provide insights 

into how AI-driven recommendations influence consumer decision-making and emotional 

responses. The research follows four objectives: 

(1) To identify external factors of AI-based recommendation systems affecting consumer 

decisions in Vietnamese mobile shopping; 

(2) To examine the internal psychological state, called fear of missing out, triggered by AI-

driven systems; 
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(3) To analyze the relationship between the internal state and online impulse buying through 

the S-O-R model; 

(4) To offer practical insights for Vietnamese e-commerce platforms to enhance sales through 

personalized AI strategies. 

A quantitative approach was conducted using an online questionnaire survey. Descriptive 

statistics were analyzed with SPSS 29.0, while Partial Least Squares-Structural Equation 

Modeling (PLS-SEM) using SmartPLS 4 was employed to test and validate the proposed 

model, including moderating effects. 

2. Literature Review 

2.1 The Stimulus-Organism-Response Model  

The Stimulus-Organism-Response (S-O-R) model, developed by Mehrabian and Russell 

(1974), explains how external stimuli influence individuals’ internal states and, consequently, 

their behaviors (Zhu et al., 2023). It includes three components: Stimulus (external factors), 

Organism (cognitive and emotional reactions), and Response (observable behaviors), with the 

Organism mediating between Stimulus and Response (Erensoy et al., 2024). This study adopts 

the S-O-R framework for two main reasons: (1) it is a well-established model widely applied in 

impulse buying research, and (2) it provides a psychological approach to address existing gaps 

in studies on AI-based recommendation systems (Valencia-Arias et al., 2024). 

The S-O-R model has been extensively used to examine impulse buying in both online and 

offline contexts. For example, Floh and Madlberger (2013) investigated the effect of online 

atmospheric cues, while Xu et al. (2020) studied social interactions and self-control in social 

commerce. Djafarova and Bowes (2021) found that Instagram stimuli like ads and influencer 

content trigger unplanned purchases, and Erensoy et al. (2024) applied the model in virtual 

reality retail. In this study, AI-based recommendation systems act as external stimuli 

influencing shoppers’ psychological state, ultimately leading to impulse buying behavior in the 

online environment. 
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2.2 AI-based recommendation systems in m-commerce  

2.2.1. The concept of AI-based recommendation system in m-commerce 

Mobile commerce (m-commerce) is a subcategory of e-commerce involving transactions via 

mobile devices (Ngai & Gunasekaran, 2007). It enables consumers to search for product 

information, make purchases, and complete payments anytime and anywhere through 

smartphones or tablets. Common examples of m-commerce include mobile shopping platforms 

such as Amazon, Shopee, and Lazada, where users can browse and buy products, as well as 

mobile payment and financial services like Apple Pay, KakaoPay, and PayPal, which facilitate 

secure and convenient transactions. The widespread use of these mobile applications has 

significantly transformed consumer shopping behavior by enhancing accessibility, 

personalization, and real-time engagement (Li et al., 2021). 

With the rise of big data and complex consumer behavior, artificial intelligence (AI) has been 

integrated into these systems to enhance accuracy and overcome issues like missing data 

(Valencia-Arias et al., 2024). AI-based recommendation systems autonomously generate 

ranked, personalized product suggestions using advanced algorithms (Wien & Peluso, 2021). 

For instance, Amazon’s AI engine recommends relevant products and uses voice assistants like 

Amazon Echo for personalized shopping (Zhu et al., 2023). Similarly, platforms such as 

Shopee, Lazada, and TikTok Shop provide tailored product suggestions and voucher ads based 

on user interactions, supporting both sales growth and the “long-tail effect” by promoting niche 

products (Necula & Păvăloaia, 2023). 

Research on AI-based recommendation systems continues to expand. Wien and Peluso (2021) 

compared trust in AI versus human recommendations, while Ampadu et al. (2022) found that 

perceived product quality and satisfaction mediate e-impulse buying behavior. Zhao et al. 

(2025) revealed that personalized recommendations influence purchase intentions through 

psychological needs like competence and relatedness. Finally, Zhang et al. (2021) and 

Valencia-Arias et al. (2024) reviewed existing studies, identifying major gaps and directions 

for future research in AI-driven recommender systems. 
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2.2.2. Dimensions of the AI-based Recommendation System 

Recommendation systems are evaluated using various metrics; however, accuracy and 

diversity are regarded as two of the most essential dimensions defining the quality of AI-driven 

recommendation systems (Kunaver & Požrl, 2017; Valencia-Arias et al., 2024; Zhao et al., 

2025). In addition, compared with other shopping platforms such as websites or physical stores, 

mobile commerce (m-commerce) possesses unique characteristics, particularly portability and 

visual appeal (Yang et al., 2021). Therefore, this study considers these four factors, including 

accuracy, diversity, portability, and visual appeal, as environmental stimuli (S) in the S-O-R 

model. 

Accuracy refers to how precisely the recommended products align with users’ actual needs and 

preferences (Zhao et al., 2025). The integration of artificial intelligence (AI) into 

recommendation systems has significantly improved this dimension by enabling more 

personalized and data-driven predictions (Valencia-Arias et al., 2024). Diversity, on the other 

hand, represents the variation among the recommended items. Rather than compromising 

between accuracy and diversity, modern AI algorithms can enhance both simultaneously, 

providing users with a broader and more engaging shopping experience (Kunaver & Požrl, 

2017). 

Portability is a defining feature of m-commerce, allowing consumers to shop anytime and 

anywhere using mobile devices. Unlike desktop-based e-commerce or physical retail, m-

commerce enables real-time interactions and instant personalized recommendations, regardless 

of the user’s location (Yang et al., 2021). Finally, visual appeal involves the use of rich visual 

and aesthetic elements, such as color, layout, animation, and imagery, to create engaging, 

emotionally appealing product presentations (Chen et al., 2019). Because mobile screens are 

smaller than desktop displays, optimizing design for clarity and enjoyment is crucial.  

Collectively, accuracy, diversity, portability, and visual appeal represent the core environmental 

factors influencing user perception and impulse buying behavior in AI-based mobile commerce 

environments. 
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2.3. Fear of Missing Out (FOMO)  

2.3.1. The concepts of Fear of Missing Out  

As social media platforms and apps like WeChat, Twitter, and TikTok continue to develop 

rapidly, many individuals have grown increasingly dependent on them. This growing 

dependence has introduced a new concept, called “fear of missing out” (FOMO), which 

describes the persistent concern that others might be experiencing enjoyable or rewarding 

moments without one’s involvement (Li et al., 2021). According to Good and Hyman (2021), 

FOMO has been associated with various personality characteristics, levels of social 

connectedness, and excessive or problematic use of the internet, social media, and mobile 

applications.  

The concept of FOMO has become deeply ingrained in popular culture and youth psychology, 

as evidenced by the widespread presence of FOMO-related content and advertising campaigns 

across digital platforms. Marketers frequently use FOMO appeals, particularly in travel 

promotions and youth-oriented products, to stimulate consumer demand and engagement 

(Hodkinson, 2019). 

2.3.2 AI-Based Recommendation System and FOMO  

The accuracy of an AI recommender enhances users’ perception of product value and reliability, 

leading them to believe that they might miss out on highly suitable deals or items if they delay 

their purchase decisions. According to the S–O–R framework, this heightened perception of 

relevance can evoke psychological arousal, such as FOMO, which motivates users to engage 

immediately (Mehrabian & Russell, 1974). Therefore, accurate and tailored recommendations 

are likely to intensify FOMO during online shopping. 

H1. Accuracy of AI recommendations positively influences fear of missing out (FOMO). 

Diversity in recommendation systems broadens the customer-perceived choice. Exposure to 

diverse product options can simultaneously increase excitement and uncertainty, leading users 
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to fear missing potentially better alternatives (Good & Hyman, 2021). From the perspective of 

the S-O-R model, this abundance of choices acts as an external stimulus that triggers internal 

psychological tension and amplifies FOMO. 

H2. Diversity of AI recommendations positively influences fear of missing out (FOMO). 

Mobile accessibility promotes constant connection and instant notifications, which may create 

a sense of urgency and enhance users’ awareness of limited-time offers or social updates 

(Okazaki & Mendez, 2013). This “always-on” environment intensifies the perception that one 

might miss out on opportunities, thus stimulating FOMO. 

H3. Portability of AI recommendation systems positively influences fear of missing out 

(FOMO). 

Attractive visuals can capture users’ attention and generate emotional arousal, encouraging 

spontaneous responses (Childers et al., 2001). When visually appealing product 

recommendations are combined with cues like popularity indicators or limited-time offers, they 

can trigger FOMO by making users feel they may lose an appealing opportunity. 

H4. Visual appeal of AI recommendation interfaces positively influences fear of missing out 

(FOMO). 

2.4. Impulse Buying Behavior  

Impulse buying behavior is a well-established topic in consumer psychology. Since the 1940s, 

researchers have examined this phenomenon, as unplanned purchases account for 40-80% of 

total consumer spending (Rodrigues et al., 2021). Impulse buying behavior refers to 

spontaneous, irresistible urges to purchase immediately (Chen et al., 2019), while online 

impulse buying (or e-impulse buying) describes similar unplanned purchases made through 

digital platforms (Ampadu et al., 2022). Psychologically, impulse buying is driven by strong 

emotional arousal and minimal rational evaluation; consumers often act on immediate desires 

despite potential negative consequences (Rodrigues et al., 2021). This behavior has long 



Asia Business & Service Innovation 2(1), 135-163. (2025) 
https://doi.org//10.23405/ABSI.2025.2.1.07 

 

143 

 

contributed significantly to retail sales and was further amplified during the COVID-19 

pandemic (Redine et al., 2023). 

Technological developments and new marketing practices have renewed interest in impulse 

buying research. In physical retail settings, Bellini and Aiolfi (2019) found that mobile phone 

use enhances consumers’ tendency to buy impulsively, while Chen et al. (2019) demonstrated 

that emotional trust toward the recommender and positive affect toward recommended 

products strongly influence impulse purchases. In the digital environment, Chen et al. (2019) 

used Signaling Theory to explain how product suggestions in WeChat commerce stimulate 

impulse buying. Similarly, Vazquez et al. (2020) revealed that parasocial interactions with 

influencers on social media can trigger impulsive purchases. Redine et al. (2023) synthesized 

global research on impulse buying, emphasizing the shift from traditional to online contexts. 

Their conceptual framework outlined major antecedents, mediators, and research gaps, offering 

a foundation for future studies on impulsive consumer behavior in digital environments. 

When investigating the relationship between FOMO and Impulse buying behavior, Ç elik et al. 

(2019) found that FOMO toward sales promotions increases impulse purchasing behavior, 

which in turn leads to post-purchase regret. Similarly, Saleh (2012) reported that FOMO 

stimulates impulsive buying as consumers fear missing out on special offers or products. 

Therefore, FOMO acts as a strong psychological driver of online impulse buying, especially in 

digital environments where time-limited promotions and persuasive marketing messages 

amplify consumers’ sense of urgency. Hypothesis 5 was proposed:  

H5. Fear of missing out (FOMO) positively influences online impulse buying behavior (IBB). 

3. Methodology  

3.1 Research Framework  

This study seeks to examine how external stimuli, specifically the characteristics of AI-based 

recommendation systems, affect online impulse buying behavior, with FOMO acting as a 
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mediating variable. The research is structured around the Stimulus-Organism-Response (S-O-

R) framework, as proposed in Figure 1. 

 

Figure 1. Research Framework 

2.2 Construction of the questionnaire and data collection 

This study targets individuals with prior mobile shopping experience. The questionnaire first 

verifies participants’ use of mobile shopping apps; only those with experience continue to the 

main section, which includes measurement items and demographic questions. Six constructs, 

accuracy, diversity, portability, visual appeal, fear of missing out, and online impulse buying 

behavior, are evaluated using a five-point Likert scale (1 = Strongly Disagree to 5 = Strongly 

Agree), as detailed in Table 1. 
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Table 1. Measurement Items for Constructs in the Research Model 

Constructs Items References 

Stimuli 

(S) 

Accuracy 

(AC) 

AC1 

The products recommended in 

mobile shopping apps are of 

interest to me. 

Zhao et al. 

(2025) 
AC2 

Mobile shopping apps understand 

my needs and preferences for 

products. 

AC3 

The recommended products in 

mobile shopping apps match my 

interests. 

Diversity 

(DI) 

DI1 
Mobile shopping apps recommend 

a wide of goods. 

Zhao et al. 

(2025) 
DI2 

Mobile shopping apps recommend 

products that satisfy different 

aspects of my interests. 

DI3 
The recommended items include 

multiple brands or types. 

Portability 

(PO) 

PO1 

These services are practical because 

I can use them easily wherever I 

am.  

Okazaki and 

Mendez (2013) 
PO2 

Using these services outside my 

home or workplace is convenient 

for me. 

PO3 

I find these services convenient 

because they do not depend on any 

fixed location. 

Visual VA1 The graphics in the Chen et al. 
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appeal (VA) recommendation posts are 

attractive. 

(2019) 

VA2 
The product recommendation posts 

are visually pleasing. 

VA3 
The product recommendation posts 

look lively and engaging. 

VA4 
The product recommendation posts 

capture my visual interest. 

Organism 

(O) 

Fear of 

missing out 

(FOMO) 

FOMO1 

I often open shopping apps because 

I fear missing out on recommended 

products or promotions. 

(Good & 

Hyman, 2021; 

Li et al., 2021) 

FOMO2 

I feel uneasy thinking that others 

might buy better  products 

recommended by AI that I have not 

seen. 

FOMO3 

I worry about being left behind if I 

do not follow the trending products 

recommended to me. 

FOMO4 

I feel regretful when I miss a 

discounted or recommended 

product that my friends have 

already purchased. 

Response 

(R) 

Online 

impulse 

buying 

behavior 

(IBB) 

IBB1 I often buy things impulsively. 

Ampadu et al. 

(2022) 
IBB2 

If I see something I like and have 

the money, I buy it. 

IBB3 I sometimes buy things without 
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much thought. 

IBB4 
I occasionally “treat myself” with 

unplanned purchases. 

IBB5 
My mood at a particular moment 

can drive me to buy things. 

This study used a modified S-O-R model to examine FOMO’s mediation in online impulse 

buying, surveying 359 Vietnamese users of AI-based mobile shopping apps from July 15 to 

August 15, 2025 via Google Form. Data were analyzed with SPSS and SmartPLS 4, and 

hypotheses were tested using PLS-SEM, ensuring reliability, validity, and statistical robustness. 

4. Results 

4.1 Demographic information 

Among the 359 valid respondents, 222 were female (61.8%) and 137 were male (38.2%), 

indicating a higher proportion of female participants. Most were in their 30s (60.2%), followed 

by those in their 20s (28.4%), with smaller proportions in their 40s (11.1%) and one respondent 

in their 50s. Regarding education, the majority held an undergraduate degree (67.7%), while 

postgraduate and vocational school graduates accounted for 11.7% and 11.1%, respectively; 

9.5% had completed high school or below.  

In terms of marital status, 76% were single and 24% married. Geographically, 44% resided in 

Northern Vietnam, 40.1% in the South, and 15.9% in the Central region. For monthly income, 

most respondents (67.1%) earned from 10 to 20 million VND, while approximately 15% 

earned less than 10 million VND or between 20 and 30 million VND.  

4.2 Reliability and validity test 

The measurement model was assessed using Partial Least Squares Structural Equation 

Modeling (PLS-SEM) to evaluate reliability and validity. Reliability and validity were tested 

through outer loadings, Cronbach’s alpha, Composite Reliability (CR), and Average Variance 
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Extracted (AVE). All outer loadings exceeded the recommended threshold of 0.708, except 

HM5 (0.707), which was retained due to its theoretical contribution. Cronbach’s alpha values 

ranged from 0.718 to 0.888, and CR values ranged from 0.837 to 0.913, indicating strong 

internal consistency and reliability across all constructs. Convergent validity was confirmed 

through AVE values above the acceptable threshold, ensuring that the indicators adequately 

reflected their respective constructs. Convergent validity was assessed using Average Variance 

Extracted (AVE), with values above 0.50 indicating adequacy (Hair et al., 2019). As shown in 

Table 2, all constructs exceeded this threshold, confirming satisfactory convergent validity. 

Table 2. Reliability and Validity Test Results 

Constructs Items Loadings Cronbach’s alpha CR AVE 

Accuracy 

AC1 0.767 

0.718 0.837 0.632 AC2 0.792 

AC3 0.824 

Diversity 

DI1 0.885 

0.787 0.872 0.696 DI2 0.889 

DI3 0.716 

Portability 

PO1 0.765 

0.815 0.888 0.726 PO2 0.862 

PO3 0.922 

Visual appeal 

VA1 0.735 

0.796 0.868 0.624 
VA2 0.887 

VA3 0.833 

VA4 0.688 

Fear of 

missing out  

FOMO1 0.838 

0.872 0.912 0.723 
FOMO2 0.885 

FOMO3 0.834 

FOMO4 0.842 



Asia Business & Service Innovation 2(1), 135-163. (2025) 
https://doi.org//10.23405/ABSI.2025.2.1.07 

 

149 

 

Online 

impulse 

buying 

behavior 

IBB1 0.785 

0.881 0.913 0.678 

IBB2 0.770 

IBB3 0.821 

IBB4 0.902 

IBB5 0.834 

Note. CR: Composite Reliability, AVE: Average Variance Extracted 

To assess discriminant validity, three commonly applied methods are used, including: cross-

loadings, the Fornell–Larcker criterion, and the Heterotrait–Monotrait ratio (HTMT).  

In the cross-loading assessment, each indicator is expected to load more strongly on its 

associated construct than on any other construct (Hair et al., 2019). The results showed that all 

items in this study exhibited higher loadings on their respective constructs than on others, 

indicating an acceptable level of discriminant validity. 

At the construct level, discriminant validity was further examined using the Fornell–Larcker 

criterion (Fornell & Larcker, 1981). This approach stipulates that the square root of the Average 

Variance Extracted (AVE) for each construct should exceed its highest correlation with any 

other construct. The results shown in Table 3 confirmed that each construct captures a unique 

conceptual domain rather than reflecting overlap with other latent variables. 

 

Table 3. Discriminant Validity Results (Fornell-Lacker Criterion) 
 AC DI FOMO IBB PO VA 

AC 0.795      

DI -0.069 0.834     

FOMO -0.127 0.143 0.850    

IBB -0.056 0.149 0.347 0.824   

PO -0.034 0.075 0.261 0.165 0.852  

VA -0.058 0.171 0.317 0.186 0.377 0.790 

Note. Values in bold represent the square root of the variance extracted (AVE), and the values 

outside the diagonal represent the correlations between the constructs. AC: Accuracy, DI: 

Diversity, PO: Portability, VA: Visual Appeal, FOMO: Fear of Missing Out, IBB: Impulse 

Buying Behavior 
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To strengthen these assessments, a more rigorous test of discriminant validity was performed 

using the Heterotrait-Monotrait (HTMT) ratio proposed by Henseler et al. (2015). According to 

the recommended threshold of 0.90 (Franke & Sarstedt, 2019; Hair et al., 2019), values below 

this level indicate satisfactory discriminant validity. As presented in Table 4, all HTMT values 

fell below the threshold, thereby confirming the distinctiveness of the constructs and the 

robustness of the measurement model. 

Table 4. Discriminant Validity Results (Heterotrait-Monotrait ratio (HTMT))  
 AC DI FOMO IBB PO VA 

AC       

DI 0.103      

FOMO 0.156 0.159     

IBB 0.073 0.176 0.383    

PO 0.063 0.092 0.299 0.180   

VA 0.118 0.203 0.372 0.227 0.478  

Note. AC: Accuracy, DI: Diversity, PO: Portability, VA: Visual Appeal, FOMO: Fear of Missing 

Out, IBB: Impulse Buying Behavior 

 

4.3 Hypothesis testing 

The structural model was evaluated using standardized path coefficients (β), t-statistics, and p-

values to test the hypothesized relationships among constructs. As shown in Table 5, the results 

indicate that the path from accuracy to FOMO had a significant impact (p = 0.034) but opposite 

direction to the hypothesis positive relationship (β=-0.101), therefore H1 was not supported. 

Similarly, diversity did not significantly influence FOMO (β = 0.089, t = 1.948, p = 0.051), 

thus H2 was not supported. 

In contrast, portability exhibited a significant positive effect on FOMO (β = 0.161, t = 2.714, p 

< 0.001), providing support for H3. Likewise, visual appeal had a strong positive influence on 

FOMO (β = 0.238, t = 4.579, p = 0.007), supporting H4. Finally, FOMO showed a significant 

positive effect on impulse buying behavior (β = 0.350, t = 7.419, p < 0.001), confirming H5. 

Overall, these findings highlight that while accuracy and diversity did not significantly predict 

FOMO, portability and visual appeal were important antecedents of FOMO. Furthermore, 
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FOMO served as a key driver of impulse buying behavior, emphasizing its mediating role in 

the model. 

Table 5. Hypothesis Testing Results   

Paths 
Path 

Coefficient (β) 

Standard 

Deviation 
t statistics p-values Results 

H1 AC->FOMO -0.101 0.048 2.125 0.034 Not Supported 

H2 DI->FOMO 0.089 0.046 1.948 0.051 Not Supported 

H3 PO-> FOMO 0.161 0.059 2.714 <0.001 Supported 

H4 VA -> FOMO 0.238 0.053 4.579 0.007 Supported 

H5 FOMO -> IBB 0.350 0.047 7.419 <0.001 Supported 

Note. AC: Accuracy, DI: Diversity, PO: Portability, VA: Visual Appeal, FOMO: Fear of Missing 

Out, IBB: Impulse Buying Behavior 

 

4.4 Mediation Effect Results 

Table 6 presents the results of the mediation analysis using the percentile bootstrapping method 

with a 95% confidence interval. The table summarizes the direct, indirect, and total effects of 

the independent variables, accuracy (AC), diversity (DI), portability (PO), and visual appeal 

(VA), on impulse buying behavior (IBB), along with their corresponding significance levels. 

For accuracy (AC), both direct and indirect effects on impulse buying through FOMO are 

insignificant (p > 0.05), indicating that recommendation accuracy does not evoke FOMO or 

impulsive behavior. Similarly, for diversity (DI), neither direct nor indirect effects are 

significant, with only a marginal total effect (p < 0.05), suggesting a weak or indirect 

association with impulse buying not mediated by FOMO. In contrast, portability (PO) shows a 

significant indirect effect through FOMO, supporting full mediation: when platforms are 

accessible and convenient, FOMO increases, driving impulsive purchases. Visual appeal (VA) 

also exhibits full mediation, with a significant indirect effect via FOMO but a non-significant 

direct effect. Overall, these results highlight that emotional arousal from FOMO mediates the 
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influence of experiential features, like portability and visual appeal, on online impulse buying, 

while informational features such as accuracy and diversity play minimal psychological roles. 

 

Table 6. Mediation Effect Results 

Paths 

95% CI of percentile method 

Mediation Result 
Lower Upper 

Two-tailed 

test p-value 

AC ->FOMO ->IBB    

No mediation 
 Direct effect -0.120 0.115 >0.05 

 Indirect effect -0.066 -0.001 >0.05 

 Total effect -0.148 0.094 >0.05 

DI ->FOMO ->IBB    

No mediation 
 Direct effect -0.006 0.198 >0.05 

 Indirect effect -0.002 0.062 >0.05 

 Total effect 0.022 0.225 <0.05 

PO ->FOMO ->IBB    

Full mediation 
 Direct effect -0.056 0.178 >0.05 

 Indirect effect 0.014 0.094 <0.05 

 Total effect -0.011 0.231 <0.01 

VA ->FOMO ->IBB    

Full mediation 
 Direct effect -0.065 0.165 >0.05 

 Indirect effect 0.031 0.126 <0.01 

 Total effect 0.012 0.237 <0.05 

Note. AC: Accuracy, DI: Diversity, PO: Portability, VA: Visual Appeal, FOMO: Fear of Missing 

Out, IBB: Impulse Buying Behavior 

 

5. Discussion 

The findings of this study provide several insights into how AI-based recommendation 

system attributes influence FOMO and online impulse buying behavior, viewed through the 

lens of the Stimulus-Organism-Response (S-O-R) framework. The results suggest that users 

are more likely to experience FOMO when AI recommendations are easily accessible across 

platforms and presented with appealing visual cues. These results align with prior research 

emphasizing the importance of convenience and sensory appeal in stimulating emotional 

responses in digital environments (Chen et al., 2019; Okazaki & Mendez, 2013).  
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The findings of this study offer valuable insights into the mechanisms through which mobile 

media characteristics shape consumers’ impulse buying behavior (IBB) through the 

mediating role of fear of missing out (FOMO). Consistent with the results of the structural 

model, accuracy (AC) had a negative effect and diversity (DI) was found to have no 

significant impact on FOMO, suggesting that the precision and variety of recommended 

products may not be strong triggers of psychological arousal leading to impulsive tendencies. 

This implies that users may already perceive recommended products as generally accurate 

and diverse, making these attributes less influential in stimulating FOMO. This result 

contrasts with the findings of Good and Hyman (2021), who identified accuracy and diversity 

as factors creating fear of missing out. An explanation for this inconsistency could be the 

contextual variations across studies, including differences in consumer behavior, cultural 

background, or the characteristics of the shopping environment investigated in the present 

research. 

Highly accurate AI-based product recommendations enhance users’ sense of personalization 

and control, reducing uncertainty and the need to explore other options, which lowers fear of 

missing out (FOMO). In Vietnam, many consumers value convenience and trust in mobile 

shopping apps, so precise recommendations make them feel confident they are not missing 

better products. In contrast, diversity of recommendations does not significantly influence 

FOMO. Vietnamese users are accustomed to seeing a wide range of products on platforms 

like Shopee and Lazada, and excessive variety may even cause decision fatigue, especially 

for low-involvement goods. Consequently, users respond more to recommendation accuracy 

than diversity when forming emotional reactions such as FOMO, highlighting the importance 

of personalization over variety in m-commerce. 

In contrast, portability (PO) and visual appeal (VA) significantly influenced FOMO, 

underscoring the importance of media accessibility and aesthetic design in driving emotional 

engagement. The positive effect of PO indicates that mobile-friendly platforms and easy 

access to content enhance users’ connectivity and the immediacy of social comparison, which 

in turn intensifies FOMO. Likewise, the strong influence of VA on FOMO highlights that 
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visually engaging interfaces can capture users’ attention and evoke emotional responses that 

contribute to impulsive consumption behaviors. The results were supported by Childers et al. 

(2001) and Okazaki & Mendez (2013). 

Furthermore, FOMO exhibited a significant positive effect on impulse buying behavior, 

reaffirming its role as a key psychological driver in digital consumer contexts. This aligns 

with prior studies suggesting that heightened FOMO leads individuals to make spontaneous 

purchases to avoid social exclusion or missed opportunities, supported by Ç elik et al., (2019) 

and  Saleh (2012). 

The mediation analysis further supports these interpretations and underscores the relevance 

of the S-O-R framework for this study, as the direct effects of mobile platform features on 

online impulsive buying behavior (IBB) were not significant. FOMO fully mediates the 

relationships between portability (PO) and IBB, and between visual appeal (VA) and IBB, 

indicating that these features influence unplanned purchases entirely through consumers’ 

emotional responses. In other words, when mobile platforms are accessible and visually 

attractive, they trigger FOMO, which in turn prompts impulsive buying. Overall, these 

findings highlight FOMO as a central emotional mechanism linking technological 

affordances and consumer impulsivity, supporting the theoretical applicability of S-O-R in 

explaining how mobile platform characteristics drive online impulse purchases and offering 

practical guidance for digital marketing strategies. 

 

6. Implications 

The findings of this study contribute both theoretically and practically to the understanding of 

how AI-based recommendation system attributes shape online impulse buying behavior 

through the mediating role of FOMO, framed within the Stimulus-Organism-Response (S-O-

R) paradigm. 

From a theoretical perspective, this study enriches the literature on digital consumer 

psychology by identifying FOMO as a key emotional mechanism linking technological 
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stimuli (portability and visual appeal) with impulsive behavioral responses. While previous 

research has mainly emphasized the cognitive aspects of recommendation systems (Chen et al., 

2019; Park & Han, 2013; Zhu et al., 2023), this study highlights that emotional and sensory 

factors, like portability and visual appeal, strongly drive impulsive buying, extending the S-O-

R framework to AI-driven mobile experiences. 

From a practical perspective, the results provide insights for digital marketers, platform 

designers, and e-commerce practitioners. The significant influence of portability suggests that 

improving cross-platform accessibility and mobile responsiveness can enhance users’ sense of 

immediacy and engagement, thereby amplifying their susceptibility to FOMO-driven 

purchases. Similarly, enhancing the visual appeal of online interfaces, through aesthetic 

layouts, high-quality imagery, or interactive displays, can evoke emotional excitement and 

increase impulse buying tendencies. Conversely, the non-significant effects of accuracy and 

diversity imply that users may already perceive these features as baseline expectations rather 

than differentiating stimuli. Therefore, marketers should prioritize experiential and emotional 

design strategies rather than focusing solely on informational accuracy or content variety to 

stimulate consumer responses. 

Nevertheless, to promote ethical and responsible m-commerce practices, platforms should 

limit the frequency of urgency banners to reduce impulsive pressure, introduce cool-off 

reminders before one-click purchases, and provide a transparency checklist to clearly 

distinguish advertisements from AI-based recommendations. These measures help users make 

more informed and deliberate purchasing decisions. 

7. Limitations and Future Research 

Despite its valuable contributions, this study is not without limitations. First, the research 

employed a cross-sectional design, which limits causal inference. Future studies could adopt 

longitudinal or experimental methods to validate the temporal effects of AI-driven stimuli on 

FOMO and impulsive behavior. 
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Second, the sample may not fully represent all online consumers, as behavioral responses 

could vary across cultures, age groups, or product categories. Comparative studies across 

different cultural contexts or AI recommendation types (e.g., personalized vs. algorithmic-

based) could offer broader generalizability. 

Third, the study focused on four AI system attributes; other factors, such as personalization, 

trust, or perceived intrusiveness, may also shape FOMO and impulse buying. Future research 

should incorporate these variables to develop a more comprehensive understanding of 

consumer responses to AI-based systems. 

Finally, while this study emphasized the psychological benefits of AI recommendations, 

ethical aspects, such as privacy concerns and algorithmic transparency, remain underexplored. 

Investigating these dimensions could help balance the commercial utility of AI with 

responsible technology design. 
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