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Examining the interplay of
information, emotions, and
behavior: PLS-ANN analysis

Joston Gary*

DEGEIT—Department of Economics, Management, Industrial Engineering and Tourism, University of
Aveiro, Aveiro, Portugal

This study investigates the interplay between platform information push, consumer
emotions, and purchase behavior in Macau's cross-border e-commerce context
using PLS-ANN analysis and piecewise linear regression. The findings reveal nuanced
effects of information push on pleasure and annoyance, with distinct patterns
emerging at different levels. These emotional responses significantly influence
purchase intentions and actual behavior. Pleasure has a positive impact, while
annoyance negatively affects outcomes. To optimize consumer sentiment and drive
sales, e-commerce platforms should strategically manage information content,
presentation, and timing. Harnessing positive emotions, balancing information
sufficiency and overload prevention, and fostering long-term emotional connections
are crucial. Adapting push strategies to diverse market preferences is vital for
cross-border success. The study expands affect-as-information and emotional
contagion theories, offering actionable suggestions for precision marketing. Future
research should explore additional emotive dimensions, individual differences,
and contextual moderators to enrich the model.

KEYWORDS

e-commerce, platform information push, consumer emotion, pleasure, annoyance,
purchase intention, purchase behavior, Macau

1 Introduction

In the era of information explosion, the exponential growth of data and the widespread
use of the Internet have revolutionized traditional business marketing models, particularly in
the e-commerce industry. The vast number of online consumers poses significant challenges
for effectively executing marketing strategies that cater to their evolving psychologies and
behaviors. Precision marketing, driven by big data, has emerged as a primary trend in digital
marketing to address these challenges (Zou and Li, 2022). Extant literature has explored
various aspects of precision marketing, such as constructing network click intention models
(Yu et al., 2020), measuring advertisement effectiveness through emotion tracking (Otamendi
and Sutil Martin, 2020), and examining the success factors of e-commerce platforms in
attracting customer attention (Jun et al., 2021). However, there remains a paucity of research
on the fluctuations of consumers’ emotions, both positive and negative, during the purchasing
process, especially in the context of precision targeting. While studies have investigated the
role of purchase intentions and the impact of online reviews on consumer emotions (Bigné
etal, 2023; Guo et al,, 2020; Miremadi et al., 2021), there is a need to bridge the gap between
emotional responses and actual purchase behavior in precision marketing models.

To address the gap, the current study aims to investigate how platform information push
influences consumer emotions, specifically pleasure and annoyance, and subsequently impacts
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online purchase intention and behavior in the context of Macau’s
e-commerce market. Macau presents a unique research setting due to
its special geographical location and economic characteristics. Like
Hong Kong, Macau’s e-commerce platforms are primarily from
mainland China. However, differences in the business environment
and other factors lead to variations in platform usage and consumption
patterns (Gichunge, 2018). Notably, Macau residents’ relatively high
consumption level and perception of mainland products as affordable
result in distinct dynamics within the e-commerce ecosystem (Lai and
Lai, 2013). This situation mirrors the cross-border e-commerce
phenomena observed in other regions, such as between Canada and
the United States (Gichunge, 2018), Germany and Switzerland (Roy,
2023), France and its neighbors (Armstrong and Overton, 1977), and
Singapore and Malaysia (Huang and Chang, 2019).

Focusing on Macau, this study aims to uncover insights that can
be applied to other cross-border e-commerce contexts, where
differences in economic development, consumer preferences, and
platform offerings shape online purchase behavior. Understanding
how precision marketing strategies can be tailored to these unique
market conditions is crucial for e-commerce firms seeking to expand
their their
geographical settings.

reach and optimize performance in diverse

Using affect-as-information theory (Schwarz, 2012) and
emotional contagion theory (Hatfield et al., 1993), we propose a
conceptual model that captures the mediating role of emotions in the
relationship between information push and purchase outcomes.
We empirically test our hypotheses using survey data collected from
871 users of e-commerce platforms in Macau, which provides a
representative sample of cross-border online consumers.

The key contributions of this research are 3-fold. First, we elucidate
the mediating role of emotions in the relationship between
information push and purchase behavior, expanding the affect-as-
information theory and emotional contagion theory. Second, we offer
statistically significant recommendations for e-commerce platforms
to maximize online sales by leveraging emotive motivators through
Third,
we contribute to the nascent literature on precision marketing by

impactful, irritation-reducing information pushes.
highlighting the importance of emotional resonance in driving

consumer behavior.

2 Literature review
2.1 Affect-as-information theory

Affect-as-Information Theory, which posits that emotions and
moods serve as crucial heuristic cues in consumer judgment and
decision-making processes (Schwarz, 2012; Schwarz and Clore, 1983,
2003), has undergone significant theoretical advancements in recent
years. The theory emphasizes the role of affect in guiding consumer
evaluations and decisions, particularly when cognitive resources are
limited, or affective information is highly relevant (Schwarz and Clore,
2003). Consumers frequently introspect on their emotional responses
toward products, brands, or advertisements, which subsequently
influence their purchasing intentions and behaviors (Peng et al., 2018;
Zeithaml et al., 1996; Zanger D. et al., 2022; Zanger V. et al., 2022).

The stimulus-organism-response (SOR) framework provides a
theoretical lens to understand how platform push information triggers
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emotional responses and shapes consumer behavior (Lerner et al.,
2015; Hoffmann and Mai, 2022). Empirical studies consistently
demonstrate the valence-congruent impact of emotions on purchase
intentions, with positive emotions enhancing and negative emotions
decreasing the likelihood of purchase (Kim and Lennon, 2013;
Chien-Li and Mei-Jen, 2007; Li et al., 2024). These findings align with
the core tenets of Affect-as-Information Theory, which asserts that
consumers automatically integrate their emotional states into their
decision-making processes, often without conscious awareness
(Winkielman et al., 2003; Schwarz, 2012; Schwarz and Clore,
1983,2003).

Recent research has expanded the boundary conditions and
applications of Affect-as-Information Theory, further validating its
relevance in understanding consumer behavior. For instance, Su et al.
demonstrated how service quality in crisis situations, such as the
COVID-19 pandemic, can evoke strong emotional responses that
shape consumer loyalty through psychological distress and emotional
states. This study highlights the theory’s explanatory power beyond
traditional marketing contexts. Moreover, Affect-as-Information
Theory has been instrumental in understanding consumer privacy
concerns in digital marketing. Wang et al. (2023) employed the FCB
grid model to reveal how privacy concerns evoke significant emotional
responses, influencing consumer attitudes and behaviors toward
advertisements. This research underscores the theory’s premise that
emotions act as critical informational cues, especially when trust and
privacy are paramount concerns.

The theory’s applicability also extends to service interactions,
where emotional displays by employees significantly influence
customer behavior. Chen et al. (2006) found that both customer and
employee affective displays serve as potent informational cues, shaping
customer satisfaction and loyalty. This finding highlights the theory’s
versatility in explaining consumer behavior across various
interactional contexts.

Ashtar et al. (2023) further extended the theoretical framework by
exploring how affective displays not only serve as information but also
trigger emotional contagion, thereby influencing group dynamics and
collective consumer behavior. This research emphasizes the dual role
of affect as both a personal heuristic and a social influencer. In the
context of supply chain management, Zhao et al. revealed that the
perceived quality of logistics services during the pandemic
significantly impacted consumer emotions, which in turn influenced
their purchasing decisions and loyalty. This insight underlines the
importance of integrating affective responses in crisis situations where
consumer trust is pivotal. Furthermore, Li et al. (2024) expanded the
traditional understanding of Affect-as-Information Theory by
incorporating logistical factors that impact consumer emotions and
behaviors in the evolving landscape of online retail and physical
distribution services during the COVID-19 pandemic. Lastly, Darragi
etal. (2024) demonstrated the theory’s applicability in the context of
augmented reality (AR) applications in luxury retail, showing how
AR-driven experiences enhance consumer engagement through the
immersive and emotionally resonant nature of the technology.

The extent to which consumers rely on their emotions as
information depends on several moderating factors, such as the
perceived informational value of the affective state, the availability of
alternative information, and the attribution of affect to the target
object (Schwarz and Clore, 2003; Al-Refaie, 2015; Pham et al., 2013).
Moreover, reliance on affect is particularly useful in situations where
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quick decisions are necessary, as it does not require extensive cognitive
processing (Peng et al., 2018; Schwarz and Clore, 2003; Siemer and
Reisenzein, 1998; Chan et al., 2023).

2.2 Emotional contagion theory

Emotional Contagion Theory, which refers to the process by
which an individual or group influences the emotional states or
behaviors of another person or group through both intentional and
unintentional induction of emotional experiences (Balconi et al., 2022;
Hatfield et al, 1993), has undergone significant theoretical
advancements in recent years. The theory posits that emotional
contagion originates from an “association-learning” mechanism,
where individuals develop congruent emotions by associating
observed affective cues with their own emotional experiences
(Hoffman, 1984). Through repeated exposure and mimicry,
individuals deepen their emotional alignment with others, ultimately
shaping their behaviors.

The theory distinguishes between two primary forms of emotional
contagion: transient psychological responses during interpersonal
interactions and enduring psychological states cultivated under the
persistent influence of short-term emotional cues (Balconi et al., 2022;
Heesup and Ki-Joon, 2007). In the context of e-commerce, platform
information dissemination acts as a stimulus that can trigger both
immediate and lasting emotional responses in consumers. The
content, presentation, and timing of the information pushed by
platforms play a crucial role in inducing these emotional experiences.

Consumers typically undergo two levels of psychological changes
in response to platform information. Initially, they may experience
emotions such as pleasure or annoyance when their personal needs
are either fulfilled or frustrated by the platform’s information. Research
by Cheshina et al. (2018) demonstrated that individuals are more
likely to trust those who provide positive experiences, highlighting the
link between positive emotions and trust in the platform. Conversely,
negative experiences, such as receiving irrelevant or intrusive
information, can lead to distrust and negative emotional evaluations
(Zhou and Tong, 2022; Chen et al., 2021).

The impact of platform information on consumer psychology and
behavior largely depends on the interaction between the platform and
the consumer. The frequency, relevance, and quality of information
pushed by the platform influence the level of consumer engagement
and subsequent emotional responses. Gao et al. (2021) found that
higher consumer engagement, driven by active participation and a
sense of belonging, enhances positive emotional experiences.
Emotional contagion can also occur between consumers, particularly
when they share their experiences and opinions related to the
platform’s information (Chien-Li and Mei-Jen, 2007). These
consumer-to-consumer interactions not only provide valuable
product information but also influence consumers’ perceptions of the
platform’s trustworthiness and reliability.

Previous and recent studies have expanded the understanding of
emotional contagion in various contexts, providing empirical
evidence and theoretical insights. Kramer et al. (2014) demonstrated
the occurrence of emotional contagion on a large scale through social
networks, highlighting the spread of emotions without direct
interaction or nonverbal cues. Wu and Wen (2019) explored the
impact of emotional contagion in advertising, showing that emotional
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states significantly affect the effectiveness of comparative vs.
non-comparative advertisements. Bakri et al. (2024) linked emotional
contagion through imagery to behavioral intentions in the context of
tourism-related decisions, while Li et al. (2024) revealed how
emotionally charged online customer reviews can influence other
readers’ emotions and purchasing decisions. Researchers have
investigated the role of emotional contagion in virtual workspaces,
brand loyalty in retail, crisis communication, and online
communities. These studies have identified key factors influencing
the spread of emotions, such as communication style, frequency, and
the control of emotional narratives, while also highlighting the
potential negative consequences of emotional contagion, such as
panic, misinformation, and exacerbated mental health issues
(Figure 1).

3 Research hypothesis development

3.1 Platform information push and
consumer sentiment

According to the Affect-as-Information Theory, emotions serve as
a vital source of information in consumers’ judgment and decision-
making processes (Schwarz, 2012; Schwarz and Clore, 1983). When
consumers receive information pushed by an e-commerce platform,
they often evaluate the usefulness and ease of use of this information
in their shopping decisions (Peng et al., 2018; Zanger D. et al., 2022;
Zanger V. et al., 2022). If consumers perceive the pushed information
as useful and easy to use, they are more likely to experience pleasure
while browsing. This pleasure may arise from the information helping
them complete their shopping more efficiently, providing shopping
information that is directly relevant to their current needs, and
making the shopping process simple and straightforward. Therefore,
pleasure (PL) reflects the positive emotional responses consumers
experience when interacting with creative, visually appealing, and
interactive information pushes.

On the other hand, according to the Emotional Contagion Theory,
the content, presentation, and timing of the pushed information can
evoke emotional responses in consumers (Balconi et al., 2022; Hatfield
et al., 1993). When the pushed information is irrelevant to the
consumers’ needs or is frequent and intrusive, it may trigger feelings
of annoyance (AY). This annoyance is typically expressed as frustration
with unexpected information pushes, the disruption of their browsing
experience, and irritation with the frequency of these pushes.
Therefore, annoyance reflects the negative emotional responses
consumers experience when receiving irrelevant or excessive
information pushes (Cheshina et al., 2018; Heesup and Ki-Joon, 2007).

We argue that when the platform pushes relevant, timely, and
high-quality information, it can evoke positive emotions (pleasure) in
consumers, leading to favorable evaluations and increased purchase
intention. In contrast, poorly designed or intrusive information push
may cause negative emotions (annoyance), resulting in unfavorable
attitudes and decreased purchase likelihood. The emotional responses
elicited by the platform’s information push serve as important
informational cues that shape consumers’ judgments and decisions, as
posited by the Affect-as-Information Theory. Moreover, the Emotional
Contagion Theory suggests that these emotional experiences can
be further reinforced through consumer-to-consumer interactions,
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FIGURE 1
Conceptional model.

influencing the overall perception of the platform’s trustworthiness
and reliability. We propose the following hypotheses:

HI. “Platform Information Push” has a positive impact on
“Pleasure”

H2. “Platform Information Push” has a negative impact on
“Annoyance.”

3.2 Consumer sentiment, purchase
intention, and purchase behavior

Recent research has made significant progress in understanding
the relationship between consumer sentiments and behaviors.
Sentiments are defined as intense fluctuations related to environmental
stimuli that influence decision-making (Doran et al., 2022; Ning and
Hu, 2022). The Affect-as-Information Theory provides a theoretical
foundation for understanding the role of sentiments in consumer
decision-making. According to this theory, consumers rely on their
affective states as informational cues when making judgments and
decisions (Schwarz, 2012; Schwarz and Clore, 1983). Positive
sentiments, such as pleasure, can enhance purchase intention and
behavior, while negative sentiments, like annoyance, may reduce them
(Peng et al,, 2018; Zanger D. et al., 2022; Zanger V. et al., 2022).
Moreover, the extent to which consumers rely on their sentiments
depends on factors such as the informational value, relevance to the
specific judgment, and accessibility of alternative information
(Schwarz and Clore, 2003).

In the context of e-commerce platform information push, aligning
the pushed information with consumers’ needs can create a sense of
“pleasure,” which in turn increases purchase intention. Visually
appealing information that meets consumers’ goals captures their

Frontiers in Communication 04

attention and satisfaction, thereby stimulating “purchase behavior” (Liu
etal.,, 2013; Briins and Meif3ner, 2023). For example, when a consumer
feels pleasure from a platform’s information push, they are more likely
to consider making a purchase in the future, have a high probability of
using the information push for their next online purchase, and feel
confident about shopping. Designing information that triggers
motivation and positive emotions creates a “pleasure” mindset, which
not only raises purchase intention but also can lead to increased
repurchasing and positive word-of-mouth (Palmatier et al., 2009).

On the other hand, continuously pushing irrelevant information
can lead to “annoyance,” decreasing trust and purchase intention (Wei
etal,, 2023). For instance, if the information push lacks usefulness or
is difficult to navigate, this can cause annoyance, leading consumers
to reduce their likelihood of making a purchase based on the pushed
information. This is reflected in how often they purchase items after
receiving an information push and whether they continue to utilize
information pushes for shopping in the future. Thus, we suggest that
“annoyance” partially mediates the relationship between information
push and purchase intention, as it can undermine consumers’
willingness to engage with the platform’s offerings. We propose the
following hypotheses:

H3. “Pleasure” has a positive impact on “Purchase Intention.”

H4.
“Purchase Behavior”

“Pleasure” has a direct and positive impact on
H5. “Pleasure” plays a positive mediating role between “Platform
Information Push” and “Purchase Intention”

He6. “Annoyance” has a negative impact on “Purchase Intention”

H7. “Annoyance” has a direct and negative impact on
“Purchase Behavior”
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H8. “Annoyance” plays a negative mediating role between
“Platform Information Push” and “Purchase Intention.”

3.3 Internet accurate information, platform
information push, and annoyance

The Affect-as-Information Theory posits that emotions serve
as informational cues that influence consumers’ judgments and
decision-making (Schwarz, 2012; Schwarz and Clore, 1983). In the
context of e-commerce, delivering aligned marketing information
to consumers’ devices enables more precise strategies and higher
sales effectiveness (Zhou and Tong, 2022; Zou and Li, 2022). By
leveraging robust databases and technologies, businesses can
measure consumer behavior and provide customized, relevant
information. However, challenges exist in practice. Lower precision
in demand identification can lead to the delivery of irrelevant
information, while overly simplistic delivery methods may reduce
consumer acceptance (Grigorios et al., 2022). Moreover, frequent
advertising information delivery can trigger feelings of
“annoyance,” negatively impacting the effectiveness of the
marketing efforts.

To address these issues, various solutions have been proposed
(Tabuena et al., 2022). For example, adjusting strategies to increase
effectiveness and conversion rates can help alleviate consumer
annoyance. Given the current state of e-commerce information
delivery, it is important to examine the moderating effect of online
precision information on the relationship between information push
and “annoyance” (Koo and Ju, 2010; Tabuena et al., 2022). This
approach aims to establish a remedial mechanism when negative
emotions arise due to suboptimal information delivery. We propose
the following hypothesis:

H9. “Internet Accurate Information” positively moderates the

relationship between “Platform Information Push” and

“Annoyance.”

3.4 Platform information push, purchase
intention and behavior

Previous research has established the positive impact of
information source on purchase intentions and behavior (Ning and
Hu, 2022). In the context of this study, purchase intention is defined
as consumers willingness and intention to transact online (Zhou and
Tong, 2022), which involves searching, selecting, and purchasing
products through the internet.

Attitude and sentiment significantly influence purchase intention
(Kartika, 2019). E-commerce platforms leverage big data to deliver
relevant messages, aiming not only to inform consumers but also to
influence their sentiments and establish trust for continuous feedback.
The design and models of information push impact sentiment
perception, and effectively established trust ultimately influences
purchase intention (Gichunge, 2018). The strength of users’ purchase
intention, in turn, determines their actual purchase behavior (Bulsara
and Vaghela, 2023).
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The Affect-as-Information Theory supports the role of emotions
in shaping consumer judgments and decisions (Schwarz, 2012;
Schwarz and Clore, 1983). In the context of e-commerce, platform
information push can evoke positive or negative emotions, such as
pleasure or annoyance, which serve as informational cues influencing
purchase intention and behavior. The extent to which consumers rely
on their emotions depends on factors such as the informational value,
relevance to the specific judgment, and accessibility of alternative
2003). We propose the

information (Schwarz and Clore,

following hypotheses:

HI0. “Platform Information Push” has a direct positive impact on
“Purchase Intention.”

H11. “Platform Information Push” has a direct positive impact on
“Purchase Behavior”

HI2. “Purchase Intention” has a positive impact on their
“Purchase Behavior”

4 Research methodology
4.1 Measures, sample, and data collection

We conducted a quantitative survey to investigate the impact of
platform information push on consumers’ emotions and purchase
behavior in Macau’s e-commerce market. The target population
consisted of Macau consumers who use major e-commerce platforms
(Taobao, Pinduoduo, JD.com) and social tools (WeChat, Xiaohongshu,
Facebook). Convenience sampling was employed to obtain a diverse
and representative sample from the Macau Peninsula, Taipa, and
Coloane. The survey was distributed online through social media
platforms (Facebook, Instagram, and WeChat) and e-commerce
communities, as well as in paper form at shopping malls, universities,
and offices across Macau.

Data collection was carried out in three rounds over a period of
9months due to the difficulties in data acquisition in Macau. A total
of 1,000 responses were collected, with 871 valid responses remaining
after data cleaning, exceeding the minimum requirement for structural
equation modeling (SEM) (Wei et al., 2023). The survey consisted of
four sections: (1) Demographics; (2) Sentiment on platform
information (five-point Likert scale); (3) Purchase intention based on
information; (4) Actual purchases (frequency, platforms,
and products).

A pilot study with 50 participants resembling the target group was
conducted to test the survey’s validity, reliability, and clarity, resulting
in minor adjustments. The Macau Peninsula sample was deemed
representative based on its high population density, convenient
transportation, diverse socioeconomic residents, educational
institutions, and screening for significantly influenced platform users.
The sample size met the acceptable range with strong representation
per statistical testing and background distributions validating local
resident representation (Consumer Council of Macau, 2023).

SPSS 26.0 was used for demographic data analysis and descriptive
statistics. Collinearity issues were assessed using the coefficient of

variation (VIF value). Reliability and validity tests were conducted,
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with items having factor loadings below 0.5 removed. Exploratory
Factor Analysis (EFA) was employed to redefine dimensions, and
average variance extraction (AVE) was computed. Descriptive
statistics demonstrated significant explanatory power (p<0.05) in
real-world contexts.

Because the data were not normally distributed, partial least
squares structural equation modeling (PLS-SEM) was selected for
predictive analysis using Python 3.11.4, which facilitates modeling
complex relationships and is well-suited for non-normal data. The
conceptual frameworK’s pathways, including direct effects, mediations,
and moderation, were examined. The significance of all effects was
verified through bootstrapping. PLS-SEM was deemed more
advantageous than CB-SEM for this study due to its relaxation of
normal distributional assumptions, ability to estimate intricate models
with reduced sample sizes, and suitability for exploratory research,
theory development, and prediction (Hair, 1998; Setyani et al., 2019;
Khan et al., 2019; Sharma et al., 2023; Hair et al., 2021).

4.2 Ethics statement

According to the regulations of the Macau SAR and local institutions,
this study has been deemed exempt from ethics and licensing review.
Prior to conducting the research, participants were provided with both
oral and written information and their informed consent was obtained.
This ensures compliance with local legal and ethical requirements.

4.3 Scale sources

During the survey, respondents were asked to rate their level of
agreement with various statements using a five-point Likert scale. The
scale ranged from “strongly disagree” (1) to “strongly agree” (5). Table 1
presents the measurements obtained from multiple studies. The
construct of Platform Information Push (PIP) is adapted from Davis
(1989), Vijayasarathy (2004), and Shin (2009), incorporating
dimensions such as Perceived Usefulness (PU) and Perceived Ease of
Use (PE). The measurement of Consumer Sentiment (CS) is derived
from previous researchers, including pleasure measurement from
Mehrabian and Russell (1974), Khan et al. (2019), and Wei et al. (2023),
mainly utilizing a multidimensional emotions scale (AEQ). The
measurement of annoyance is based on the annoyance scale developed
by Kronrod and Huber (2019) and reconstructed items for this study.
The construct of Internet Accurate Information (IAI) was developed
for this research, to measure two hypothetically distinct dimensions,
information accuracy (IA) and information pertinence (IP). The items
measuring Purchase Intention (PI) and Purchase Behavior (PB) are
taken from Dodds et al. (1991), Zeithaml et al. (1996), Henderson and
Divett (2003), and Morwitz (2014), with adaptations made to align
with the context of online purchases. See Table 1.

5 Data analysis and results
5.1 Descriptive statistics

Table 2 shows the study collected 871 valid questionnaires from
participants representing a balanced gender distribution (396
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males, 475 females). The majority of respondents were aged 26-30
(48.42%), followed by 18-25 (27.25%). Education-wise, most had
a bachelor’s degree (45.85%), while master’s degree holders
accounted for 34.01%. Occupation-wise, enterprise grassroots
workers were the largest group (28.83%), followed by students
(25.35%). Taobao was the dominant e-commerce platform
(89.68%), with TianMao, JD, and Pinduoduo having significant
market shares. The pandemic led to increased platform usage (2-3
times/week, 39.45%) and higher purchase frequency (>15 times,
66.97%).

5.2 Nonresponse bias

Nonresponse bias arises when individuals who do not respond
to a questionnaire potentially bias the research results. We addressed
this issue following the approach proposed by Armstrong and
Overton (1977), who posited that late respondents are more likely
to resemble non-respondents than early respondents. We compared
the gender and age variables of the early respondents to those of the
later respondents. We considered a total of 50 respondents who
completed the survey during the early stage as the earlier
respondents, while the remaining 831 respondents who completed
the survey during the later stage were considered the later
respondents. A chi-square test comparing the early and late
respondents revealed no significant differences (p >0.05) in either
gender (p=1.0) or age (p=0.1031). Consequently, we excluded the
possibility of nonresponse bias.

5.3 Common method bias

To enhance generalizability, diverse and representative samples
were diligently selected from Macau consumers. All data were collected
using the discussed survey method to ensure credibility. However, as
common method bias may jeopardize the validity of this research,
we evaluated the data set using Harman’s one-factor test to identify any
potential common method bias (Podsakoff and Organ, 1986). The
threat of common method bias is considered high if a single factor
accounts for more than 50% of variance (Hair et al., 2019; Lindell and
Whitney, 2001; Mattila and Enz, 2002; Pee et al., 2010). Evidence of
common method bias exists when a general construct accounts for
most covariance among all constructs. We conducted a principal
component factor analysis, and the results ruled out the potential threat
of common methods bias. The combined six factors accounted for
54.753% of total variance, with the first (largest) factor accounting for
23.131% (the variances explained ranged from 3.964 to 23.131%). No
general factor accounted for more than 50% of variance, suggesting
that common method bias may not pose a serious problem in the data
set (Sharma et al., 2023).

5.4 Measure reliability and validity

Exploratory Factor Analysis validated the questionnaire and
assessed measurement consistency with expected dimensions. Data
suitability was first assessed using the Kaiser-Meyer-Olkin (KMO)
coefficient and Bartlett’s test. Results showed a KMO of 0.851,
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TABLE 1 Reliability and normality test.

Items (Sources)

10.3389/fcomm.2024.1411870

Test results

Platform Information Push (PIP): Perceived Usefulness (PU) & Perceived Ease of Use (PE) (Mean=3.922, Std=0.722)

a/CR/AVE

Loadings

PU1: The most recent information push I received helped me complete my online shopping more efficiently. 0.832

PU2: The most recent information push provided me with shopping information that was directly relevant 0.840

to my current needs.

PU4: A recent e-commerce platform information push was particularly helpful in guiding my shopping 0795

decisions.

PE1: The last time I used an information push, I found it easy to make a purchase directly from it. 0.810 0.792(0813/0.707
PE2: The instructions or details provided in the most recent information push were easy to understand and 0748

follow.

PE3: Shopping through the information provided in a recent push was quick and straightforward. 0.816

PE4: Overall, the last e-commerce platform information push I interacted with was simple and user-friendly. 0.859

Consumer Sentiment (CS): Pleasure (PL) (Mean=3.822, Std=0.740)

PL1: I feel happy when browsing creative and innovative information push. 0.816

PL2: I feel satisfied when browsing beautiful and visually appealing information push. 0.816 0.732/0.790/0.747
PL3: I feel relaxed when browsing interactive and interesting information push. 0.859

Consumer Sentiment (CS): Annoyance (AY) (Mean=3.151, Std=1.088)

AY2: I feel annoyed when I receive unexpected information pushes on this platform. 0.797

AY3: The information pushes on this platform disrupt my browsing experience. 0.736 0.719/0.873/0.657
AY4: I find the frequency of information pushes on this platform to be irritating. 0.748

Internet Accurate Information (IAl): Information Accuracy (IA) & Information Pertinence (IP) (Mean=3.720, Std=0.746)

IA1: Information push makes me feel trustworthy. 0.724

IA2: The content of information push is clear and easy to understand. 0.775

IA3: The information provided by information push is helpful for me to understand the product. 0.732

IR1: Information push can deliver the product information I need in the most timely and appropriate 0704 0.850/0.764/0.656
manner.

IR2: The messages delivered to me by information push are all my interest. 0.763

IR3: Information push will reccommend other suitable products to me. 0.750

Purchase Intention (Pl) (Mean=3.666, Std=0.817)

PI1: How likely are you to make a purchase through information push in the next month? 0.724

PI2: What is the probability that you will use information push for your next online purchase? 0.736 0.737/0.792/0.658
PI3: How certain are you that you will shop through information push within the next three months? 0.782

Purchase Behavior (PB) (Mean=3.708, Std=0.802)

PBI: In the past month, how many times have you made a purchase based on information received through 0783

an information push?

PB2: Please indicate the number of times you purchased an item through information push in the past three

months. 0.740 0.873/0.772/0.662
PB3: How often do you find yourself purchasing items after receiving information pushes? 0.701

PB4: I will continue to utilize information push for shopping in the future. 0.773

indicating high inter-dimensional correlation, and a significant
p<0.001, meeting requirements (Bentler, 1990).

Before interpreting the factor loadings, it is essential to determine
which factors are significant. Generally, the minimum criterion is
+0.3. When the factor loading is greater than or equal to +0.4, it is
considered important. When it is greater than or equal to +0.5, it is
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regarded as more important and must be considered (Hair, 1998).
Since the square of the factor loading equals the total variance
explained by the factor, we organize the factor loadings and the
percentage of explained variance as follows. See Table 3.

Through EFA, the factor loading for PIP3 of Information Push
and AY1 of Annoyance were below 0.5, indicating a lack of
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dimensional belonging. They were removed (Lindell and Whitney,
2001; Yu and Dean, 2001). Post-adjustment, all items loaded above 0.5
on intended variables without high double loadings, demonstrating
good structural validity in expressing information (Kim and Lennon,
2013; Hair, 1998). After organizing the factor loadings, the six
variables were categorized in Table 1.

Reliability was also assessed. AVE values exceeded 0.5 and CR
surpassed 0.7 thresholds (Akter et al., 2011; Armstrong and Overton,
1977). Cronbach’s alphas were above 0.6 and reliability measurements
met standards (Zhou and Tong, 2022), indicating model reliability and
preliminary research suitability. The designs meet specified criteria
and are statistically acceptable. See Table 1.

Discriminant validity assesses item distinctiveness relative to
represented constructs. Though the Fornell-Larcker criterion is widely
used, it has faced criticism regarding typical research suitability.
Hence, a multitrait-multimethod matrix technique called Hetero Trait
and Mono Trait (HTMT) was used instead. Additionally, Fornell-
Larcker robustness versus HTMT was examined across scenarios.
Based on HTMT values below 0.85, discriminant validity was
confirmed (Table 4) (Hawkins et al., 1995).

5.5 Correlation analysis

Correlation analysis examined relationships between variables:
information push, emotion, accurate information, purchase
intention, purchase behavior, pleasure and annoyance. A significant
positive correlation was found between push and pleasure (0.408,
p<0.001), indicating increased push enhances pleasure. Push also
positively correlated with purchase intention (0.530, p<0.001),
suggesting greater push associates with higher inclination.
Additionally, positive correlation existed with actual purchase
behavior (0.501, p <0.001), meaning more intensive push relates to
more frequent purchasing. However, a negative correlation occurred
with annoyance (—0.210). Pleasure positively correlated with
accurate information (0.470, p <0.001), implying greater accuracy
associates with more pleasure. Purchase intention also positively
tied to pleasure (0.399, p<0.001), so stronger tendencies associate
with more pleasure. Moreover, actual behavior positively correlated
with pleasure (0.369, p<0.001). In contrast, annoyance negatively
correlated with push, accurate information, purchase intention and
behavior. This signifies increased annoyance decreases receptivity
and inclination. Finally, a positive correlation was found between
intention and actual behavior (0.549, p <0.001). See Table 5.

5.6 Structural model results

Table 6 shows model fit indices. To measure model fit, we set
several indicators. Standardized root mean square residual
(SRMR) < 0.08 for good fit (0.073 accepted) (Danner et al., 2021);
Squared Euclidean distance (d_ULS) and Geodesic distance (d_G)
evaluate observed-predicted covariance matrix discrepancy;
Chi-square (x*) compares observed-implied covariance matrices;
Normed fit index (NFI) > 0.9 for better fit. Path coeflicients, t-values,
p values, and R? assessed the structural model and hypotheses. Main
path assumptions were supported. R* was moderate for PI (0.588)
and PB (0.702) (Hair et al., 2021), and for AY (0.681) and PL
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TABLE 2 Demographic profile.

Demographic profile

Valid questionnaires 871
Demographics | Classification Percentages (%)
Male 51.13
Gender
Female 48.87
<18 0.45
18-25 27.25
26-30 48.42
Ages (Years) 31-40 19.14
41-50 3.15
51-60 135
> 60 0.23
Junior high school or below 0.45
Senior secondary school/secondary
specialized school/vocational secondary 9.91
Educational school
Level Associate degree/Junior college 9.23
Bachelor’s degree 45.85
Master’s degree 34.01
Doctorate’s degree 0.45
Enterprise grass-roots workers 28.83
Enterprise manager 18.47
Freelancer 22.75
Profession
The jobless 2.03
Students 25.35
Family professional 1.58
<1,500 6.31
Monthly 1,501-3,000 13.74
Discretionary 3,001-4,500 26.35
Income (Unit: | 4,501-6,000 16.22
HKD/MOP) 6,001-7,500 13.74
7,501-9,000 9.23
TaoBao App 89.68
TianMao App 74.31
JD App 75.00
Category of VIPS App 28.67
e-commerce
platform PDD App 69.27
Amazon App 12.61
eBay App 4.59
Walmart App 7.80
Once a week 19.27
2-3 times a week 39.45
Frequency of More than 3 times a week 2.94
utilization Once a week 7.34
2-3 times a week 5.96
More than 3 times a week 5.05
(Continued)
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TABLE 2 (Continued)

Demographic profile

Within half an hour 38.53
Browsing time 1-2h 55.73

>3h 57
Number of past

<5 times 14.68
purchases

TABLE 3 Factor loadings and percentage of explained variance.

Factor Percentage of Sample Significant
loading explained size factor
variance loading
03 9% 350 030
0.4 16% 250 035
0.5 25% 200 0.40
0.6 36% 150 0.45
0.7 49% 120 0.50
0.8 64% 100 0.55
0.9 81% 85 0.60
70 0.65
60 0.70
50 0.75

The underlined values are those calculated by G-Power and are applicable to this study.

(0.588). All paths were significant (p <0.05). IAI had a significant
negative relationship with AY but non-significant with PI and
PB. All other hypotheses were supported (Table 7), as show in
Figure 2. The model explains 66.6% of the variance in PL, 68.1% of
the variance in AY, 58.8% of the variance in PI, 70.2% of the
variance in PB.

Partial least squares structural equation modeling enabled
empirical examination (See Tables 7, 8). Key findings: Platform
(0.408, p<0.001),
underscoring usefulness/ease of use in affirmative perceptions
(Davis, 1989; Peng et al., 2018); Platform Information Push
mitigates annoyance (—0.173, p=0.002), as ineffective info fosters

Information Push enhances pleasure

negativity (Davis, 1989); Pleasure increases purchases (intent:
0.367; behavior: 0.202), substantiating emotions’ sales role
(Setyani et al., 2019; Yu et al., 2020); Annoyance decreases
purchases (intent: —0.173; behavior: —0.095), evidencing
hampering effect (Grigorios et al., 2022); Intent strongly predicts
behavior (0.549), affirming foundational models (Hawkins et al.,
1995; Doran et al., 2022); Accuracy showed no direct purchase
impact but alleviated annoyance and indirectly enabled purchases.

5.7 Mediation effect analysis

Mediation analysis revealed varying effects (Hair et al., 2021).
PIP — PL — PI, PIP — AY — PI, PIP — PL — PI had complementary
mediation (aligned indirect/direct effects); PIP — AY — PI — PB had
indirect-only mediation; Confidence intervals supported mediation
effects. PLS-SEM enabled empirical examination (See Table 9).
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5.8 Moderating effect analysis

The study examined the interactive effects of platform information
push (PIP) and internet accurate information (IAI) on consumer
annoyance (AY) (Table 10). PIP, TAI and their interaction term
explained a significant portion of AY variance [R*=0.683, F (3,
366)=11.039, p<0.001].

Table 10 and Figure 3 show PIP’s conditional effects on AY at low,
medium, and high IAI levels: Low (1 SD below mean: 10.9072): At
lower IAI, PIPs effect on AY was small and non-significant
[Effect=—0.0293, t (366)=—-0.4613, p=0.6449]. The confidence
interval contained zero (—0.1543 to 0.0956), indicating imprecise
effect size estimation. When IAI is poorer, PIP does not significantly
influence annoyance. Medium (mean: 14.0637): At average IAI, PIP’s
negative effect strengthened and became significant [Effect=—0.1524,
t (366) =—2.7599, p=0.0061]. As IAI improves to moderate levels, PIP
has a direct negative relationship with annoyance. High (1 SD above
mean: 17.2201): At higher IAI, PIP’s negative effect on annoyance
grew stronger [Effect=—0.2755, t (366) =—3.7499, p=0.0002]. The
confidence interval confirms the effect size’s precision (—0.4199
t0-0.1310) (Hair et al., 2021).

While PIP alone did not influence AY, its interaction with [AI
significantly moderated annoyance (Hair et al., 2021). Higher IAI
levels strengthened the negative PIP-annoyance relationship.
Although IAI alone mitigates annoyance, its interaction with PIP
further reduces it (Hair et al., 2021). IAI exhibits direct and moderating
effects, allowing platforms to minimize irritation through precise,
high-quality information.

Figure 4 shows the PIP-AY relationship and IATs sensitivity
analysis. There is a positive linear PIP-AY relationship across all IAI
levels. As PIP increases from —1.0 to 1.0, AY also increases, indicating
stronger PIP leads to higher annoyance. However, PIP’s impact on AY
varies by IAI level. At lower IAI (15, 16), PIP causes smaller AY
changes, resulting in more gradual slopes. At higher IAI (34, 35), PIP
causes more pronounced AY changes, resulting in steeper slopes.
Higher IAI amplifies PIP’s impact on annoyance. The parallel, evenly
spaced lines for different IAI levels indicate a stable, predictable
TAI-PIP-AY relationship. No intersecting lines implies the relative AY
magnitude across IAI levels remains constant regardless of PIP.

6 ANN and random forest model

To further validate our structural equation model results and
explore potential non-linear relationships, we employed artificial
neural network (ANN) and random forest techniques. The ANN
model utilized a multi-layer perceptron architecture with sigmoid
activation functions in both the hidden and output layers. This
approach allows for the capture of complex, non-linear interactions
among the predictor variables in predicting purchase behavior.

Table 11 presents the detailed results of our ANN analysis,
including the training and testing processes, sensitivity analysis, and
cross-validation. We conducted a rigorous 10-fold cross-validation to
ensure the robustness of our findings. The dataset was split into an
80% training set and a 20% testing set for each fold. The ANN model
achieved an impressive R* of 0.642, indicating a strong predictive
power. The root means square error (RMSE) averaged 0.228
(SD=0.003) for the training sets and 0.234 (SD =0.007) for the testing
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TABLE 4 Discriminant validity (Fornell Larker Criterion and HTMT), VIF and R2.

Variables Fornell-Larcker criterion Heterotrait—Monotrait ratio (HTMT)

2 3 4 2 3 4 VIF
AY 0.842 1.000 0.681
PB —0.152 0.677 0.231 1.000 0.702
PI —0.246 0.535 0.744 0.358 0.836 1.036 0.588
PIP —0.217 0.483 0.513 0.611 0.289 0.702 0.775 1.000
PL —0.187 0.348 0.375 0.386 0.740 0.265 0.584 0.614 0.587 1.000 0.666

The square root of AVE is indicated by the bold elements. PIP, Platform Information Push; PL, Pleasure; AY, Annoyance; PI, Purchase Intention; PB, Purchase Behavior.

sets across the 10 folds. These low and consistent RMSE values suggest
minimal overfitting, further validating the model’s generalizability.

Sensitivity analysis was conducted to determine the relative
importance of each predictor variable in the ANN model. Purchase
Intention (PI) emerged as the most influential factor, with a
normalized importance of 88.86%. This finding underscores the
critical role of purchase intention in driving actual purchase behavior.
Platform Information Push (PIP) followed closely with an importance
of 57.96%, highlighting the significant impact of targeted and
personalized information on consumer decision-making. Pleasure
(PL) and Annoyance (AY) also exhibited substantial importance at
48.13 and 42.06%, respectively, emphasizing the influence of
emotional factors on purchase outcomes.

We employed a random forest model for cross-validation. This
ensemble learning technique combines multiple decision trees to
improve predictive accuracy and reduce overfitting. The random
forest model yielded an optimized R? of 0.838 and a total model RMSE
of 0.259. By utilizing a 90% training and 10% testing split, the model
demonstrated an optimized predictive power of 83.8%. These results
not only corroborate the findings of our ANN analysis but also suggest
a slight improvement in predictive performance.

Table 12 presents a comparative analysis of the PLS-SEM and
ANN results. The ranking of examined drivers exhibits a high degree
of consistency across both methods. Purchase Intention and Platform
Information Push emerge as the top two predictors of purchase
behavior in both PLS-SEM and ANN analyses.

Figure 5 provides a visual representation of the predictive power
of our ANN model. The actual vs. predicted values plot shows that
while the model has some predictive capability, certain data points
significantly deviate from the ideal diagonal line, indicating substantial
prediction errors in specific areas. The residual histogram reveals that
the residuals are not perfectly normally distributed, suggesting
possible systematic biases and an incomplete capture of complex
relationships in the data.

Figure 6 displays the distribution of R? and RMSE values across
the 10-fold cross-validation. The 10-fold cross-validation results
support these observations. The RMSE and R? plots indicate that the
model performs stably on the training set, with low RMSE and high
R?, but shows more variability and lower performance on the test set.
This suggests the model may be overfitting, lacking generalization to
unseen data. Given these findings, and considering the study’s scope,
it is recommended to increase the sample size to 1,500-2,000
observations to improve the model’s generalization capability.

Figure 7 offers a visual representation of the ANN model
architecture. The input layer consists of our predictor variables (PIP,
PL, AY, and PI), which feed into the hidden layer(s) with sigmoid
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activation functions. The output layer represents the purchase
behavior (PB) variable.

7 Piecewise linear regression model

To test whether there is a non-linear relationship between latent
variables to discover the potential results of this study, we set up
piecewise linear regression models (1), (2), (3), and (4) based on the
research hypotheses.

The model demonstrates a significant relationship between
Platform Information Push (PIP) and Annoyance (AY), with a
model fit of R*=0.57345 and p <0.001, indicating strong explanatory
power and statistical significance. A critical breakpoint was
identified at PIP =4.17, where the effect of PIP on AY undergoes a
substantial shift. The model is expressed by the equation
AY=po+ pPIP+ 3, (PIP - 4.17) *D +¢ (1), where D is a dummy
variable, taking the value of 1 when PIP >4.17 and 0 otherwise. This
suggests that the influence of PIP on AY intensifies or changes
character once the PIP value surpasses 4.17. The model effectively
accounts for approximately 57.35% of the variance in AY,
underscoring the significance of PIP as a predictor of AY. Shown in
Supplementary Figure 3 (PIP — AY).

The relationship between Annoyance (AY) and Purchase Intention
(PI) is also characterized by a statistically significant model, with a fit
of R?=0.5491 and p<0.001. The model identifies a breakpoint at
AY =2.25, indicating a notable change in the influence of AY on PI at
this level. The model is represented by the equation PI=f,+ f1AY + f3.
(AY —2.25) *D + ¢ (2), where D is a dummy variable that equals 1 when
AY >2.25 and 0 otherwise. This suggests that the effect of AY on PI
becomes more pronounced or alters significantly once AY exceeds
2.25. The model explains approximately 54.91% of the variance in PI,
highlighting the importance of AY as a determinant of purchase
intention. Shown in Supplementary Figure 1 (AY — PI).

In the case of Pleasure (PL) and its impact on Purchase Intention
(PI), the model fit is R*=0.478, with p<0.001, indicating a moderate
level of explanation and statistical significance. The model identifies a
breakpoint at PL=4.65, where the relationship between PL and PI
changes substantially. The equation governing this model is
PI=pfs+ f:PL+ f, (PL - 4.65) *D+¢ (3), with D as a dummy variable
equal to 1 when PL>4.65 and 0 otherwise. This implies that the
influence of PL on PI significantly shifts beyond the threshold of 4.65.
The model accounts for approximately 47.8% of the variance in PI,
suggesting that while PL is an important factor, other variables may
also play a significant role in determining purchase intention. Shown
in Supplementary Figure 4 (PL — PI).
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Finally, the model examining the effect of Purchase Intention (PI)
on Purchase Behavior (PB) reveals a strong relationship, with a model
fit of R*=0.6263 and p<0.001. A breakpoint at P1=3.67 indicates a
critical threshold where the impact of PI on PB becomes significantly
more pronounced. The model is defined by the equation
PB=fo+ f;PI+ 5, (PI - 3.67) *D +¢ (4), where D is a dummy variable,
taking the value of 1 when PI >3.67 and 0 otherwise. This finding
suggests that once PI surpasses 3.67, its influence on PB becomes
markedly stronger. The model explains approximately 62.63% of the
variance in PB, demonstrating that PI is a key determinant of actual
purchase behavior. Shown in Supplementary Figure 2 (PI—-PB).

8 Discussion and implication
8.1 Discussion

The PLS-ANN analysis reveals a nuanced relationship between
Platform Information Push (PIP) and consumer emotions, such as
pleasure and annoyance. While PIP generally increases pleasure up to
a certain point, it can also elevate annoyance, especially if the
information is perceived as irrelevant or overwhelming (Eppler and
Mengis, 2004; Jackson and Farzaneh, 2012). However, beyond the
identified breakpoint in PIP (4.166), the effect on annoyance reverses,
suggesting that factors such as perceived relevance, quality, and
personalization of the information play a more dominant role (Fan
et al, 2021; Smith and Taffler, 2024). These unexpected findings
indicate that the effectiveness of PIP depends not only on the volume
of information but also on how the information is perceived by
consumers. High-quality, personalized information that resonates
with the consumer’s current needs can mitigate the negative effects of
high PIP, reducing annoyance and enhancing pleasure (Hernandez
and Santos, 2024; Kapferer and Michaut, 2022).

Annoyance (AY) significantly reduces purchase intentions (PI),
particularly when consumers are exposed to excessive or irrelevant
information (Cheung and Thadani, 2019; Zhu and Zhang, 2010). The
analysis reveals that this negative effect is most pronounced before the
breakpoint (AY=2.25), beyond which its influence diminishes,
possibly due to consumer desensitization or a cognitive shift toward
more rational considerations (Hansen et al., 2018). Conversely,
pleasure (PL) has a robust positive effect on purchase intentions, with
its impact peaking at a certain level (PL=4.65) (Filieri and McLeay,
2022; Sparks and Browning, 2011). Beyond this point, the marginal
benefits of additional pleasure on PI decrease, suggesting a
saturation effect.

TABLE 5 Correlation analysis of variables.

10.3389/fcomm.2024.1411870

The PLS-ANN results and breakpoint (PI=3.67) further suggest
that the relationship between PI and PB is robust across different levels
of consumer engagement, with the most significant impact observed
when purchase intentions are strong but not yet fully formed into a
decision. This indicates that e-commerce platforms should focus on
strategies that reinforce and convert high purchase intentions into
actual behaviors, such as providing timely reminders, special offers, or
additional product information that aligns with the consumer’s
expressed interests.

The interplay between these emotional responses and purchasing
behavior suggests that platforms must carefully manage the emotional
tone of their information push strategies. By fine-tuning the volume,
timing, and content of PIP, platforms can optimize the emotional
experience for consumers, ensuring that pleasure is maximized while
annoyance is minimized, thereby enhancing purchase intentions and
translating them into actual purchasing behavior (Huang and
Benyoucef, 2013; Chen et al., 2022).

Although this study did not explicitly design to test the
integration of product information and consumer reviews, the
findings suggest potential pathways through which high-quality
product information could enhance consumer decision-making.
High-quality product information, when effectively pushed to
consumers, has the potential to significantly influence purchase
intentions and behavior by building trust and confidence in the
purchase decision-making process (Patel and Wasim, 2022; Singh
and Kaur, 2024). The effectiveness of product information is
amplified when it is personalized and contextually relevant to the
consumer’s needs at the time of the push, reducing cognitive load
and preventing information overload (Zhao and Wang, 2024).
High-quality product information can be complemented by
authentic consumer reviews to provide a more comprehensive and
persuasive narrative for potential buyers, enhancing the perceived
credibility and value of the product (Cheung and Thadani, 2019;
Filieri and McLeay, 2022). Future research should explore how the
integration of these elements can be optimized to maximize
consumer engagement and drive purchase behavior.

The findings underscore the importance of not only providing
high-quality product information but also ensuring that it is delivered
in a manner that aligns with the consumer’s journey. By strategically
timing the push of product information and integrating it with
consumer feedback, platforms can create a more engaging and
persuasive shopping experience, mitigating the potential negative
effects of information overload and enhancing the overall emotional
experience, leading to stronger purchase intentions and behavior
(Dessart et al., 2015; van Tonder et al., 2023).

Variable name 2\ PIP PL 1Al Pl PB IAl X PIP
AY 1.000 -0.210 —0.187 —0.204 -0.241 -0.150 -0.135
PIP —0.210% ¥ 1.000 0.408 0.524 0.530 0.501 -0.228
PL ~0.187 0.4087% 1.000 0.470 0.399 0.369 -0.114
IAI —0.2047 0.5247% 0.470 1.000 0.645 0.531 ~0.062
PI —0.241% 0.530%% 0.3997% 0.645 1.000 0.549 ~0.168
PB —0.150 0.501 %% 03697 0.531 0.54977% 1.000 -0.131
IAIx PIP —0.135% —0.2287% -0.114 —0.062 ~0.168 —0.131 1.314

#p<0.05, *%p <0.01, ***p < 0.001.
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8.2 Theoretical implications

This study offers several important theoretical implications for
understanding the influence of platform information push on
consumer sentiment and purchase behavior in the context of
e-commerce. The integration of the affect-as-information theory and
consumer behavior perspectives into a unified framework provides an
understanding of the effects of platform information push. This study
addresses the need for incorporating psychological factors in
information systems research (Munzel, 2016) by examining the direct
and indirect pathways through which platform information push
influences consumer emotions and purchase behaviors. The findings
contribute to the body of literature that emphasizes the importance of
considering affective processes in the study of digital consumer
behavior (Tabuena et al., 2022). While previous studies have primarily
focused on cognitive factors influencing purchase intentions or
behaviors, this study addresses the gap in existing models by
incorporating consumer sentiments, which have traditionally been
overlooked. The development of a framework that integrates
emotional contagion theory, the affect-as-information theory, and
empirical findings enriches the theoretical understanding of the
complex interplay between platform information push, consumer
emotions, and purchase outcomes in e-commerce.

TABLE 6 Model fit.

SRMR NFI d_ d_G Chi- Sig.
ULS square

<0.08 >0.9 - - - - -

0.073 0983 | 1.863 | 0.469 0.851 1015.685  0.000 ‘

TABLE 7 Hypothesis test results.

10.3389/fcomm.2024.1411870

The application of emotional contagion theory to the e-commerce
domain is a significant contribution of this study. Previous research
on emotional contagion phenomena has mostly focused on oftline
face-to-face situations where emotions can be easily transmitted
through language, facial expressions, and voice (Soderlund et al.,
2021). However, the application of this theory has been relatively rare
in the field of e-commerce (Heesup and Ki-Joon, 2007). By
demonstrating that platform information push can influence
consumers’ pleasure and annoyance emotions, which in turn affect
their purchase intentions and behaviors, this study extends the
emotional contagion theory to the e-commerce context. It highlights
the importance of considering emotional factors in understanding
consumer responses to platform information push.

The introduction of accuracy as a moderator enriches the
theoretical framework by offering a corrective mechanism to mitigate
negative reactions (Tabuena et al., 2022). While previous studies have
primarily focused on the direct effects of information push on
consumer responses, this research expands the affective model by
investigating the moderating role of information accuracy. The
findings reveal that higher levels of information accuracy can alleviate
consumer annoyance caused by platform information push, thereby
indirectly facilitating purchase intentions and behaviors. This result
provides a new theoretical perspective on the complex interactions
between information characteristics and consumer emotions in
shaping purchase outcomes.

8.3 Practical implications

The findings of this study offer several practical implications for
e-commerce platforms operating in the context of cross-border
commerce. Firstly, platforms should focus on strategically managing

Independent Path Mediating Dependent Standardized p value Confidence Result
variable variables variable Estimate interval [0.025;
0.975]

Platform Information

- Pleasure 0.408 0.000 [0.304; 0.478] Supported
Push
Platform Information

- Annoyance —-0.173 0.002 [—0.300; —0.069] Supported
Push
Pleasure — Purchase Intention 0.367 0.000 [0.256; 0.455] Supported
Pleasure - Purchase Behavior 0.202 0.000 [0.135; 0.260] Supported
Platform Information
Push - Pleasure Purchase Intention 0.372 0.000 [0.256; 0.455] Supported

us|
Annoyance - Purchase Intention —-0.173 0.000 [-0.255; —0.077] Supported
Annoyance - Purchase Behavior —-0.095 0.000 [—0.143; —0.042] Supported
Platform Information
Push - Annoyance Purchase Intention —-0.179 0.002 [—0.300; —0.069] Supported
us|

Platform Information

- Purchase Intention 0.181 0.000 [0.115; 0.243] Supported
Push
Platform Information

- Purchase Behavior 0.099 0.000 [0.060; 0.137] Supported
Push
Purchase Intention - Purchase Behavior 0.549 0.000 [0.463; 0.615] Supported
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(14,355
(0.000)

R?=0.681 s R?=0.702
FIGURE 2
Model path. *p <0.05, **p <0.01, ***p <0.001; *t<1.962, **t<2.58, ***t<3.29.
TABLE 8 Direct effects.

Path LLCI ULCI Direct effect t values p values Decision
AY - PI —0.255 -0.077 -0.173 3.837 0.000 Supported
AY - PB —0.143 —0.042 —0.095 3.666 0.000 Supported
PIP — AY —0.300 ~0.069 -0.179 3.056 0.002 Supported
PIP - PL 0.304 0.478 0.408 9.428 0.000 Supported
PIP - PI 0.115 0.243 0.181 5.426 0.000 Supported
PIP - PB 0.060 0.137 0.099 4.848 0.000 Supported
PL—PI 0.256 0.455 0.367 7.272 0.000 Supported
PL—PB 0.135 0.260 0.202 6.342 0.000 Supported
PI- PB 0.463 0.615 0.549 14.355 0.000 Supported
TAI * PIP — AY —0.216 —0.053 —0.140 3.335 0.001 Supported

Total effect =Direct effect in the study.

the content, presentation, and timing of information to evoke positive
emotional responses and minimize negative ones (Koufi et al., 2022;
Lietal,, 2024). This can be achieved by curating high-quality, relevant,
and personalized product information that aligns with consumer
needs and preferences (Singh, 2019), presenting information in a clear,
concise, and visually appealing manner to enhance perceived ease of
use and reduce annoyance (Guo and Zhai, 2022), and leveraging data
analytics to deliver targeted and contextually relevant information to
specific consumer segments (Bigné et al., 2023). Secondly, platforms
should harness the power of positive emotions, particularly pleasure,
to drive purchase intentions and behaviors (Garg et al., 2023; Huang
and Chang, 2019; Tabuena et al., 2022). This can be accomplished by
creating engaging and enjoyable online shopping experiences through
interactive elements, gamification, and personalized content (Jackson
and Farzaneh, 2012), consistently providing positive emotional
experiences to foster customer loyalty and encourage repeat purchases

Frontiers in Communication 13

(Hansen et al.,, 2018), and adapting information push strategies to
cater to the unique emotional drivers and cultural preferences of
diverse geographical markets (Fan et al., 2021). Thirdly, e-commerce
platforms must strike a balance between providing sufficient
information and avoiding overload, as excessive or irrelevant
information can lead to annoyance and reduce purchase intentions
(Eppler and Mengis, 2004; Smith and Taffler, 2024). This can
be achieved by investing in robust data management and quality
control to ensure the accuracy, relevance, and timeliness of
disseminated information (Kapferer and Michaut, 2022), monitoring
feedback and engagement metrics to promptly address sources of
consumer irritation (Chen et al., 2022), and implementing flexible
communication preferences and opt-out options to empower
consumers to control the type and frequency of information they
receive (Cheung and Thadani, 2019). Finally, while the immediate
impact of platform information push on purchase behavior is crucial,
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TABLE 9 Mediation (indirect) effects.

Indirect effect

Direct effect

LLCI ULCI
PIP—PL—PI —0.255 —0.077 —0.173%%% 0.085 0.207 0.157* Partial mediation
PIP - AY — PI 0.256 0.455 0.367* 0.008 0.046 0.024* Partial mediation
AY - PI-PB 0.135 0.260 0.202% —0.143 —0.042 —0.097%%* Partial mediation
PL—PI-PB —0.182 —0.001 —0.181%%%* —0.135 —0.260 —0.207* Partial mediation
TAT*PIP — AY — PI —0.143 —0.042 —0.095%#%* 0.008 0.046 0.024* Partial mediation
TAT*PIP — AY — PI-PB 0.002 0.040 0.020% 0.004 0.025 0.013* Partial mediation

All effects are estimated using the bootstrap resampling (1,000 runs), *p <0.05, **p <0.01, **¥p <0.001.

TABLE 10 Tests of hypotheses two-way interaction and conditional effects.

DV: Annoyance (AY)

Content 3
Constant -10.2286 8.7946 ~1.1631 0.2456 ~27.5230 7.0657
PIP 0.8355 0.3241 25776 0.0103 0.1981 1.4728
1AL 0.9048 03417 2.6482 0.0084 0.2329 1.5766
PIP*IAL —0.0371 0.0123 ~3.0134 0.0028 —0.0614 —0.0129
R-Square 0.683
F 11.039
df1 3
df2 366
p 0.0000
Internet accurate The conditional effects of the focal predictor (PIP) at low, medium, and high values of the moderator (IAI)
information
Low (1 SD below mean: —0.0293 0.0635 —0.4613 0.6449 —0.1543 0.0956
10.9072)
Medium (mean: 14.0637) —0.1524 0.0552 ~2.7599 0.0061 ~0.2610 —0.0438
High (1 SD above mean: —0.2755 0.0735 ~3.7499 0.0002 ~0.4199 —0.1310
17.2201)
customer service and promptly addressing consumer concerns
5 (Hernandez and Santos, 2024), actively seeking feedback to continually
45 improve the user experience and demonstrate a genuine commitment
o to customer satisfaction (Zhu and Zhang, 2010), and engaging in
S consistent and authentic interactions that extend beyond transactional
i exchanges to build emotional trust and loyalty (Sparks and
* - High IAI Browning, 2011).
2.5
24 Q-
9 Limitations and future research
1
LowPIP High PIP This study has certain limitations that provide avenues for
FIGURE 3 further research. Firstly, the convenience sample focused on Macau
Moderating effect and interaction. consumers limits generalizability. Future studies could utilize

probability sampling and test the framework in diverse cultural and

geographic contexts to enhance external validity (Wang et al., 2022).

e-commerce platforms should also focus on fostering long-term
emotional connections with consumers (Dessart et al., 2015; van
Tonder et al., 2023). This can be achieved by providing exceptional
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Secondly, the study did not differentiate between the types of
information pushed by the platform or directly examine the role of
information overload. As consumers’ ability to process information
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Sensitivity Analysis of IAl on the Relationship between PIP and AY

IAl Levels
— 15 = 26
—1f = 27
15 S [
&
< - 1§ = 29
8 — 19—
&
S -_—20 = 31
°
c —2 — 32
5m -_—22 -3
— 23 34
_—4 35

0.0 05 1.0
Platform Information Push (PIP)

FIGURE 4
Sensitivity analysis.

TABLE 11 Training and testing processes, sensitivity analysis, and cross-validation.

R Sensitivity analysis
2=0.642
Training Testing AY
RMSE RMSE
1 0.223 0.239 0.1716851 0.13180924 0.09824266 0.2741913 0.3240717
2 0.235 0.221 0.2170800 0.21227778 0.18020568 0.1926243 0.1978123
3 0.231 0.237 0.2282710 0.10600219 0.11771034 0.2497954 0.2982211
4 0.227 0.243 0.1950527 0.16866960 0.13657068 0.2671746 0.2325324
5 0.230 0.223 0.1218478 0.16760966 0.12207208 0.2729987 0.3154717
6 0.227 0.235 0.1152346 0.14535129 0.12399742 0.2923614 0.3230553
7 0.229 0.230 0.2203784 0.09186913 0.19333678 0.2216660 0.2727498
8 0.224 0.240 0.1331802 0.09963776 0.07372775 0.3078290 0.3856253
9 0.231 0.227 0.1775530 0.13409680 0.10752914 0.2828714 0.2979497
10 0.229 0.242 0.1399391 0.17068198 0.09453199 0.2752053 0.3196416
Average 0.228 0.234 0.1720222 0.1428005 0.1247924 0.2636717 0.3240717
St. dev. 0.003 0.007
Normalized
. 57.96% 48.13% 42.06% 88.86% 100.00%
importance
Cross-validation (Random forest model)
Total Model RMSE 0.259
Optimized R* 0.838
Optimized power 83.8% (90% Training set & 10% Testing set)

may depend on its nature, and overload can generate negative =~ Wasim, 2022). Thirdly, the study did not consider the potential
emotions, future research should investigate the emotional and  moderating role of customer involvement. As highly involved
behavioral impacts of different information types and explore the ~ customers may process information differently and have distinct
tipping point at which information quantity becomes detrimental =~ emotional responses, future research should investigate how
(Eppler and Mengis, 2004; Filieri and McLeay, 2022; Patel and  involvement moderates the relationship between information push
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TABLE 12 PLS-SEM and ANN comparison.

10.3389/fcomm.2024.1411870

Examined driver Path coefficient ANN Result— PLS-SEM ANN ranking = Conclusion
of behavior Normalized ranking
importance
PIP 0.483 57.96% 2 2
Matched
PL 0.348 48.13% 3 3
AY —0.152 42.06% 4 4
Matched
PI 0.535 88.86% 1 1
Actual vs Predicted Residuals Histogram
.
.
H 4
4
H 30
2 >
s
2 5
3 g
g w
a3 .
10
.
]
. 0
2 3 5 -1.0 -0.5 0.0 0.5
Actual Values Residuals
FIGURE 5
Predictive power explained.
Boxplot of RMSE Line plot of RMSE
0.2401 I 0.2401
% 0.2351 % 0.2351 —e— Testing
E 0.230 E 0.230 —e— Training
0.225- | 0.225-
0.220 T v 0.220 T T - v
Testing Training 25 50 7.5 10.0
Type Iteration
Boxplot of R? Line plot of R?
0.65 - 0.65
0.64 - 0.64 -
o~ o~ —eo— Testing
o2 0.63 X 0.63 —e— Training
0.62 E 0.62 /\\/\/\/\
0.61- + : 0.61- . . . .
Testing Training 25 5.0 7.5 10.0
Type Iteration

FIGURE 6
R? & RMSE data distribution.

and consumer emotions (Dessart et al., 2015; van Tonder et al.,
2023). Fourthly, the self-reported nature of the data and the cross-
sectional design limit the ability to capture implicit affective
dynamics and determine causality. Integrating physiological
measures and employing experimental or longitudinal designs could
provide more objective insights and uncover causal relationships
(Bagozzi et al.,, 1999; Chan et al.,, 2023). Finally, the model could

Frontiers in Communication

be expanded by incorporating additional emotive dimensions,
individual differences, product types, and moderators like time
pressure (Peng et al, 2018; Zou and Li, 2022). Adopting
multidimensional emotion frameworks, leveraging advanced
analytics, and comparing the effects of platform push with traditional
marketing approaches could yield richer results and guide
resource allocation.
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FIGURE 7
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Artificial neural network path (The darker the color, the stronger the connection).

10 Conclusion

This study investigates the complex interplay of platform
information push, consumer emotions, and purchasing behavior
in the context of cross-border e-commerce. Grounded in the
Affect-as-Information Theory and the Emotional Contagion
Theory, the research employs a PLS-ANN approach to uncover
the nonlinear relationships between information, emotions,
and behavior.

The findings highlight the nuanced impact of platform
information push on consumer emotions, with the effects on pleasure
and annoyance exhibiting distinct patterns. While pleasure generally
increases with information push up to a certain point, annoyance
initially rises but then declines beyond a specific threshold. These
emotional responses, in turn, significantly influence purchase
intentions and behaviors, with pleasure having a positive impact and
annoyance a negative one.

The study offers practical implications for e-commerce
platforms operating in the cross-border context. To optimize
emotional responses and drive purchase behavior, platforms should
strategically manage the content, presentation, and timing of
information, harness the power of positive emotions, balance
information sufficiency and overload prevention, and foster long-
term emotional connections with consumers. Adapting information
strategies to the unique characteristics and emotional drivers of
diverse markets is crucial for success in the global digital
marketplace. Despite its contributions, the study has limitations
that provide avenues for further research. Future studies should
employ probability sampling across diverse contexts, differentiate
between information types, examine the role of information
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overload and customer involvement, integrate physiological
measures, explore causal relationships, incorporate additional
emotive dimensions, and expand the model with individual
differences and moderators.
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