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a dominant retail channel, and the emergence of live-streaming platforms now offers companies a .

dynamic new way to market and sell products. Nevertheless, this business model also heightens the ~ ©Online Word of Mouth;

issue of information asymmetry, as consumers often face challenges in accurately assessing product  Perceived Value;

quality and determining the credibility of sellers, making the enhancement of consumer trust a k&Y  p|;rchase Intention.

concern for e-commerce enterprises. This study examines how information acquisition ability and

online word of mouth regarding fresh agricultural products on Chinese live-streaming platforms

influence consumers’ purchase intentions, with a particular focus on the mediating role of perceived

value. Analysis of 372 valid survey responses reveals that both information acquisition ability and

online word of mouth significantly increase purchase intentions, and that perceived value acts as a

critical mechanism linking these factors. The findings also indicate the importance of real-time Article History:

interaction in boosting sales and fostering deeper consumer engagement. Based on these insights, the
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features to enhance product displays and review systems. These contributions advance theoretical

understanding of consumer behavior in digital marketing contexts and provide practical guidance for ~ Accepted: 03  May 2026

enterprises seeking to improve their live-streaming e-commerce strategies. Published: 01 June 2026

1- Introduction

With the rapid advancement of digital technologies and the widespread diffusion of e-commerce, live streaming
commerce has emerged as a disruptive retail model that fundamentally reshapes how consumers search for information,
evaluate products, and make purchasing decisions. By integrating real-time interaction, visual demonstration, and social
engagement, live-streaming platforms significantly reduce spatial and temporal constraints while enhancing the
immediacy and richness of information exchange between sellers and consumers [1]. This retail format has proven
particularly influential in the marketing of fresh agricultural products, which are characterized by high purchase
frequency, strong quality sensitivity, and pronounced information asymmetry [2].

Fresh agricultural products present unique challenges in online consumption contexts due to their perishability,
quality uncertainty, and consumers’ inability to physically inspect products prior to purchase [3]. In live streaming
environments, consumers rely heavily on live demonstrations, interactive communication, and socially generated cues
to infer product attributes such as freshness, safety, and value for money. Prior studies indicate that the interactive and
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immersive features of live-streaming commerce can significantly enhance consumers’ trust formation and purchase
intention by reducing perceived uncertainty and information asymmetry [4].

As a result, consumers’ purchase decisions in live-streaming contexts are shaped not only by external information
cues—most notably online word of mouth (OWM)—but also by their own ability to acquire, process, and evaluate
information effectively. Existing research on live-streaming e-commerce has primarily emphasized streamer
characteristics, platform trust, entertainment value, and impulsive purchasing behavior [5, 6]. Although these studies
provide important insights, they often conceptualize consumers as passive recipients of information and largely overlook
individual differences in information acquisition and processing ability.

Moreover, while online word of mouth has been widely recognized as a critical determinant of consumer behavior in
digital environments [7], prior research has predominantly examined its direct effects on purchase intention, paying
limited attention to how OWM interacts with consumers’ cognitive capabilities in dynamic and information-rich live-
streaming settings. In addition, perceived value widely acknowledged as a core mechanism linking information cues to
behavioral intention [8]—has rarely been incorporated into an integrated framework that simultaneously accounts for
information acquisition ability and OWM, particularly in the context of fresh agricultural products.

To address these gaps, this study draws on perceived value theory and information processing theory to develop an
integrated analytical framework for examining consumers’ purchase intention in live streaming commerce. Specifically,
information acquisition ability is conceptualized as a multidimensional construct encompassing direct information
access, indirect information sourcing, and information processing capability. Online word of mouth is examined through
content related, product-related, and service-related dimensions, capturing diverse evaluative signals embedded in live
streaming interactions. Perceived value is positioned as a mediating mechanism through which information acquisition
ability and OWM influence purchase intention, thereby offering a more comprehensive explanation of consumers’
cognitive and evaluative processes.

Focusing on live streaming platforms in China and the fresh agricultural product sector, this study empirically tests
the proposed framework using survey data from live-streaming consumers and structural equation modeling techniques.
By integrating information acquisition ability, online word of mouth, and perceived value into a unified model, this
research extends existing literature and provides practical insights for optimizing live-streaming marketing strategies in
digital agricultural markets.

2- Literature Review
2-1- Information Acquisition Ability

With the increasing advancement of information and communication technologies (ICTs), information resources have
become embedded in all stages of economic activity, from production and distribution to market exchange and final
consumption, making the ability to acquire and use information a decisive factor shaping economic decision-making [9].
As digital environments generate vast, rapidly accessible, and often complex information flows, both producers and
consumers must rely on their information acquisition ability to interpret market signals, evaluate alternatives, and reduce
uncertainty. This recognition has driven a growing body of research examining how information acquisition ability
influences behavioral outcomes in digital economies, highlighting its relevance not only for firms’ strategic choices but
also for consumers’ perceptions, value assessments, and purchasing decisions.

In agricultural contexts, information asymmetry remains a persistent challenge. Producers often operate under
conditions of incomplete and rapidly changing information, which undermines traditional economic models based on
perfect information. Recent studies indicate that access to accurate and timely market data—such as pricing information,
input costs, and policy support—significantly shapes farmers’ production and land-use decisions [10]. Moreover, the
development of information literacy and information-processing capability enables agricultural stakeholders to better
interpret digital signals and dynamically adjust strategies in increasingly complex market environments [11]. From a
consumer-oriented perspective, these challenges are even more pronounced in fresh agricultural product markets, where
product quality is difficult to verify prior to purchase and decision-making relies heavily on mediated information cues

(8].

From the consumer perspective, information acquisition ability refers to an individual’s capacity to search for,
process, and evaluate product-related information in order to make informed purchasing decisions. This ability becomes
particularly critical in digital marketplaces characterized by high levels of information asymmetry, such as agricultural
e-commerce and live-streaming platforms, where consumers depend extensively on visual cues, credibility signals, and
interactive communication to reduce perceived uncertainty [1]. Drawing on information processing theory, consumer
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decision-making in such environments can be conceptualized as a multi-stage cognitive process involving information
exposure, interpretation, and integration prior to the formation of value judgments [12].

Prior research commonly conceptualizes information acquisition ability as consisting of three interrelated dimensions.
The first is information search ability, which refers to the proficiency with which individuals locate and filter relevant
information using tools such as search engines, databases, and recommendation systems; in live-streaming contexts, this
includes evaluating streamers’ expertise, assessing product reviews, and interpreting real-time feedback [13]. The second
dimension is information comprehension ability, defined as the capacity to interpret, analyze, and evaluate the quality,
authenticity, and relevance of acquired information [14]. The third is information integration ability, which reflects the
capability to combine information from multiple sources—such as live chat discussions, external reviews, and product
demonstrations—into coherent and well-reasoned judgments that support decision-making [7].

In line with the characteristics of fresh agricultural product consumption, this study operationalizes information
acquisition ability into three constructs: direct information acquisition capability, indirect information acquisition
capability, and information-processing capability. These dimensions provide a structured basis for understanding how
consumers navigate dynamic, information-rich live-streaming environments and how their interactions with such
information shape purchase intentions and trust formation in e-commerce settings.

Based on this theoretical foundation, and considering the interactive and information-intensive characteristics of live-
streaming e-commerce, this study further reorganizes prior dimensions into three analytically distinct but sequential
capabilities. Direct information acquisition capability captures consumers’ ability to obtain information directly from
live-streaming content and real-time interactions; indirect information acquisition capability reflects the ability to seek
and evaluate supplementary information from external sources such as historical reviews and social media; and
information-processing capability represents the cognitive capacity to synthesize diverse information inputs into
coherent value assessments. This reclassification aligns closely with the stages proposed by information processing
theory and allows for clearer differentiation of consumers’ active roles in live-streaming purchase decision-making.

2-2-0Online Word of Mouth

Online word of mouth (OWM) refers to consumer-generated opinions and evaluations about products or services
shared through digital platforms such as e-commerce sites, social media, and online forums. On e-commerce platforms,
OWM typically appears in the form of post-purchase reviews that merchants actively encourage consumers to submit.
These reviews, whether favorable or critical, play a significant role in shaping product reputation, influencing brand
perceptions, and guiding the purchasing decisions of potential buyers [15, 16].

Empirical research consistently shows that both the volume and emotional tone of online reviews exert a significant
influence on consumer behavior. For example, review valence (positive versus negative sentiment) and emotional
intensity can directly shape purchase intentions and even macro-level outcomes such as product sales performance [17].
Positive reviews enhance perceived quality and trust, whereas negative and emotionally charged reviews often exert a
disproportionately strong deterrent effect [18]. These findings are consistent with earlier studies emphasizing the joint
importance of review quantity and sentiment in influencing consumer choice [19].

Online word of mouth functions as a powerful mechanism of social influence, transmitting not only factual
information about product attributes but also emotional and experiential cues among consumers. In markets characterized
by high levels of information asymmetry—such as live-streaming e-commerce—OWM plays a critical role in reducing
uncertainty and facilitating trust-based decision-making [7, 20].

Building on prior research and considering the characteristics of fresh agricultural product consumption, this study
conceptualizes OWM as a multidimensional construct encompassing content-related, product-related, and service-
related dimensions. Content-related OWM captures consumers’ evaluations of the clarity, usefulness, and
informativeness of live-streaming content, including demonstrations and explanations provided during broadcasts.
Product-related OWM reflects assessments of intrinsic product attributes such as freshness, quality, safety, and price—
value consistency. Service-related OWM refers to evaluations of logistics efficiency, after-sales service, and overall
transaction experience. This classification enables a focused examination of evaluative information directly related to
the consumption and transaction processes of fresh agricultural products.

Although platform-related and streamer-related word-of-mouth have been emphasized in existing live-streaming
studies, these dimensions are not explicitly included in the present framework for theoretical reasons. Platform-related
WOM is conceptually closer to institutional trust and system reliability, while streamer-related WOM primarily reflects
source credibility and personal influence. Both constructs have been extensively examined as independent antecedents
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of consumer behavior in live-streaming commerce. Incorporating them as OWM dimensions may therefore lead to
conceptual overlap and reduce analytical clarity. To maintain theoretical parsimony and focus on evaluative information
most directly associated with perceived value formation, this study deliberately excludes platform- and streamer-related
WOM from the OWM construct.

2-3-Perceived Value

Perceived value has been widely recognized as a central concept in consumer behavior research, referring to
consumers’ overall evaluation of a product or service based on a trade-off between perceived benefits and perceived
costs [21]. Prior studies commonly conceptualize perceived value as a multidimensional construct, incorporating
functional, emotional, social, and economic dimensions, which together capture consumers’ cognitive and affective
evaluations during the decision-making process [8, 22].

In the context of fresh agricultural products, perceived value plays a particularly important role due to product
perishability, quality uncertainty, and consumers’ limited ability to physically inspect products prior to purchase [23].
Functional value reflects consumers’ perceptions of product performance, quality, and usefulness; emotional value
captures affective responses such as enjoyment, satisfaction, or pleasure derived from the purchasing experience; social
value refers to the extent to which consumption enhances social approval or self-image; and economic value represents
consumers’ evaluation of price fairness and value for money [8, 22]. These dimensions collectively provide a
comprehensive framework for understanding how consumers assess the overall attractiveness of fresh agricultural
products in live-streaming environments.

Existing literature has also highlighted the relevance of perceived risk and trust-related perceptions in online
consumption contexts, particularly for fresh agricultural products characterized by high uncertainty and information
asymmetry [24, 25]. However, prior research generally treats perceived risk and trust as antecedent constructs that shape
consumers’ evaluations of functional and emotional value, rather than as core components of perceived value itself [26].

Drawing on perceived value theory, this study conceptualizes perceived value as an outcome of consumers’
information evaluation processes, while perceived risk and trust are viewed as influencing conditions that affect how
value is formed [21, 26]. Including risk- or trust-related dimensions as value components may therefore lead to
conceptual overlap and blur the theoretical distinction between value perceptions and their antecedents. To maintain
conceptual clarity and theoretical parsimony, this study adopts a four-dimensional perceived value framework consisting
of functional, emotional, social, and economic value [8, 22].

This conceptualization is particularly appropriate in live-streaming e-commerce settings, where consumers’ risk and
trust perceptions are largely shaped by information acquisition ability and online word of mouth [7, 20]. These factors
influence perceived value indirectly by reducing uncertainty and enhancing confidence, rather than functioning as
independent value dimensions [24, 25]. Accordingly, the four-dimensional framework allows for a clearer examination
of the mediating role of perceived value between information cues and purchase intention [21, 22].

2-4-Purchase Intention

Purchase intention, a central construct in marketing and consumer behavior research, refers to a consumer’s conscious
plan or willingness to purchase a specific product or service in the future [27]. It is widely regarded as a reliable predictor
of actual purchasing behavior and is therefore frequently used as an important proxy for understanding consumer
decision-making processes [28, 29]. In the digital economy, particularly within e-commerce and live-streaming
environments, purchase intention has become a key behavioral indicator reflecting consumers’ readiness to engage in
online transactions and their confidence in digital purchasing channels [30].

According to the Theory of Planned Behavior (TPB), behavioral intention is determined by three core antecedents:
attitude toward the behavior, subjective norms, and perceived behavioral control [31]. Extensive empirical evidence
demonstrates that stronger purchase intentions are associated with more favorable attitudes, greater perceived social
approval, and higher confidence in one’s ability to perform the behavior [32, 33]. Studies applying TPB in live-streaming
and social commerce contexts further indicate that perceived trust and platform interactivity significantly enhance
consumers’ behavioral intentions [34, 35].

In the context of agricultural and live-streaming e-commerce, perceived usefulness of live-streaming content and
streamer credibility have been shown to directly strengthen purchase intention, with trust functioning as a key mediating
mechanism [34]. Similarly, research demonstrates that live-streaming features such as interactivity, immediacy, and
entertainment value enhance consumer engagement and subsequently increase purchase intention [32]. These findings
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suggest that behavioral intentions in digital commerce are shaped not only by cognitive evaluations but also by emotional
responses driven by social presence and interactive experiences.

A variety of measurement scales have been developed to operationalize purchase intention. Foundational studies
introduced multi-item scales assessing consumers’ willingness to buy under varying price and quality conditions [21,
26]. Subsequent research expanded this construct to incorporate perceived value and preference-based choice,
recognizing the broader set of evaluative judgments underlying purchasing decisions [36]. More recent scales extend the
concept beyond purchase likelihood to include recommendation intention and advocacy behavior, making them
particularly suitable for social commerce and live-streaming environments where peer influence and interaction are
salient [37].

In line with this stream of research, the present study adopts the purchase intention scale developed by Moon et al.
[37], which integrates both willingness to buy and perceived value considerations. This operationalization provides a
comprehensive measure of consumer behavioral intention in the context of fresh agricultural products marketed through
live-streaming e-commerce, capturing both rational assessments of product utility and pricing as well as emotional
engagement generated through interactive shopping experiences.

2-5-Conceptual Framework

Creating a positive customer experience is widely regarded as a fundamental driver of customer loyalty and purchase
intention. In the context of e-commerce and live-streaming shopping, customer experience encompasses consumers’
cognitive, emotional, and sensory interactions with platforms and sellers, which collectively shape their overall
perception of value [38, 39]. A rich and engaging experience not only enhances satisfaction but also fosters long-term
behavioral loyalty, thereby strengthening consumers’ intentions to repurchase or recommend products [40].

The argument advanced by Balakrishnan and Griffiths—that converting first-time buyers into repeat customers
represents the cornerstone of sustainable online business models—has been consistently supported by subsequent
empirical research [41]. Recent studies further demonstrate that customer loyalty functions as a critical mediating
mechanism linking customer experience and purchase intention in live-streaming commerce [42, 43]. Specifically,
immersive and interactive live-streaming environments enhance emotional attachment, perceived trust, and brand
identification, all of which contribute to stronger purchase intentions [44].

In addition, research in digital marketplace contexts confirms that customer loyalty significantly influences purchase
intention, serving as a behavioral manifestation of long-term satisfaction and perceived value [45]. Chain mediation
models proposed in recent studies indicate that customer experience indirectly affects purchase intention through
perceived value and trust, highlighting the interconnected roles of experience, value evaluation, and relational
perceptions in shaping consumer behavior in live-streaming e-commerce [46, 47].

Based on the above theoretical foundations and empirical evidence, this study proposes a conceptual framework in
which information acquisition ability and online word of mouth influence perceived value, which in turn shapes purchase
intention, with customer experience and loyalty playing critical mediating roles. Hence, we hypothesize that (See Figure

1):

Information
Acquisition Ability

-
-
-
-

Perceived Value

Purchase Intention

Online Word of
Mouth

Figure 1. Conceptual Framework of the study

Page | 1398



Emerging Science Journal | Vol. 10, No. 3

The credibility of information sources remains a crucial determinant of consumer purchase intentions. Prior research
has demonstrated that source credibility significantly enhances persuasion effectiveness and strengthens consumers’
purchase intentions, consistent with the classic findings in communication and persuasion theory [48, 49]. Subsequent
empirical studies further confirm that credible experts exert stronger influence on consumers than anonymous or
unverified sources [50].

Although access to information is generally beneficial, excessive exposure may lead to information overload, thereby
reducing consumers’ decision quality. Empirical evidence shows that information overload induces decision fatigue and
cognitive confusion, ultimately diminishing purchase intentions [50, 51]. This phenomenon has been further supported
in live-streaming e-commerce contexts, where information saturation may overwhelm consumers and weaken the
persuasive impact of content [52].

H1: Information acquisition ability has a significant impact on the purchase intention of fresh agricultural products.

Cross-cultural research indicates that the effect of information acquisition ability on perceived value varies across
cultural contexts. In collectivist cultures, stronger information acquisition ability enables consumers to align their choices
with socially endorsed norms, thereby enhancing perceived value [53]. In contrast, consumers in more individualistic
markets tend to emphasize personalized and self-relevant information, resulting in different value formation patterns.
Evidence from developing economies further suggests that consumers with stronger information acquisition ability are
better equipped to navigate environments characterized by limited or inconsistent product information, leading to more
confident evaluations and higher perceived value [54].

H2: Information acquisition ability has a significant impact on consumers’ perceived value.

Prior studies also suggest that firms’ response strategies, such as apology and compensation, can mitigate the negative
impact of unfavorable electronic word of mouth (eWOM), highlighting the complex interplay between emotional
responses and information credibility [55]. Online word of mouth (OWM) has thus emerged as a dominant influence
shaping consumer decision-making in digital environments, with its effectiveness determined jointly by trustworthiness,
sentiment valence, and source expertise [56].

H3: Online word of mouth has a significant impact on the purchase intention of fresh agricultural products.

Empirical evidence shows that OWM originating from recognized experts or influencers significantly enhances
perceived value and purchase intention due to higher credibility [57]. In addition, a greater volume of positive OWM
has been found to correlate strongly with increased product interest and purchasing rates, an effect often explained by
the bandwagon phenomenon [58].

H4: Online word of mouth has a significant impact on consumers’ perceived value.

Perceived value theory has long served as a foundational framework for understanding consumer purchase
motivation. Empirical studies in agricultural and live-streaming contexts demonstrate that consumers’ evaluations of
functional, social, and emotional benefits strongly predict purchase intention [59]. Research in agricultural marketing
further confirms that perceived value influences purchase willingness both directly and indirectly through trust and brand
cognition [60, 43].

H5: Consumers’ perceived value has a significant impact on the purchase intention of fresh agricultural products.

Individual differences and platform characteristics further shape the mediating role of perceived value. Younger and
digitally literate consumers tend to exhibit stronger information acquisition ability, which enhances perceived value and
purchase intention, whereas older or less technologically proficient consumers show weaker mediation effects [61].
Platform design also moderates this relationship, as user-friendly interfaces and advanced filtering tools significantly
enhance perceived value by reducing cognitive effort during decision-making [62].

H6: Consumers’ perceived value plays a mediating role between information acquisition ability and purchase intention
of fresh agricultural products.

Similarly, consumers rely heavily on detailed user-generated reviews when assessing product value, particularly for
high-involvement products [63]. Generational differences in OWM utilization have also been identified, with younger
consumers exhibiting stronger responsiveness to social media recommendations [64]. Moreover, advanced and
personalized recommendation systems amplify the influence of OWM on perceived value and subsequent purchase
intentions [62].

H7: Consumers’ perceived value plays a mediating role between online word of mouth and purchase intention of fresh
agricultural products.
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3- Methodology

As shown in Figure 2, the research methodology consists of questionnaire design, data collection, data screening,
reliability and validity testing, common method variance assessment, and structural equation modeling for hypothesis
testing.

Research Framework & Hypotheses
Development

A 4

Questionnaire Design

Data Collection

A 4

Sample Characteristics Analysis

A 4

Reliability and Validity Testing

Common Method Variance Test

Structural Equation Modeling (SEM)

Results Interpretation and Discussion

Figure 2. Research methodology workflow

3-1-Data Sources
3-1-1- Data Collection and Sample Characteristics

A structured questionnaire survey was conducted to collect data from consumers who had prior experience purchasing
fresh agricultural products through live-streaming e-commerce platforms. Data were collected through online survey
platforms over a four-week period. After removing incomplete or invalid responses, a total of 372 valid questionnaires
were retained for subsequent analysis.

The demographic characteristics of the respondents indicate that male participants accounted for 72.85% of the
sample, while female participants represented 27.15%. This gender distribution reflects a notable imbalance in the
sample composition. However, this pattern may partly mirror the demographic characteristics of users actively engaged
in fresh agricultural product purchases on live-streaming platforms, where male consumers are often more involved in
price comparison, bulk purchasing, and household provisioning decisions.

Nevertheless, gender differences in value perception and purchasing behavior may still introduce potential bias into
the estimation of purchase intention. Therefore, the findings of this study should be interpreted with caution when
generalizing to more gender-balanced consumer populations. Future research is encouraged to adopt more balanced
sampling strategies or conduct gender-based comparative analyses to further validate the robustness of the results.

3-1-2- Sampling Design

This study employed a stratified sampling approach to enhance the representativeness of the collected data. The strata
were defined based on key demographic and usage-related characteristics, including gender, age group, and frequency
of live-streaming e-commerce usage. These criteria were selected because prior research suggests that demographic
factors and usage intensity significantly influence consumers’ information processing behavior and purchase intention
in digital commerce environments.

Within each stratum, respondents were recruited to ensure coverage of major consumer segments actively
participating in live-streaming commerce. Although strict proportional control across all strata was constrained by
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practical limitations in online data collection, efforts were made to avoid overrepresentation of any single group. As a
result, the final sample includes respondents from diverse demographic backgrounds and usage patterns, providing a
reasonable (though not perfectly proportional) representation of live-streaming e-commerce consumers.

3-1-3- Measurement and Common Method Variance

All constructs in this study were measured using self-reported questionnaire items adapted from validated scales in
prior research. Given that data for all variables were collected from the same respondents using a single survey
instrument, potential common method variance (CMV) was considered. To assess the extent of CMV, Harman’s single-
factor test was conducted using exploratory factor analysis. The results indicate that the first unrotated factor accounts
for less than 50% of the total variance, suggesting that common method variance is unlikely to pose a serious threat to
the validity of the empirical findings. In addition, several procedural remedies were implemented during questionnaire
design and data collection to mitigate potential CMV, including ensuring respondent anonymity and emphasizing that
there were no right or wrong answers.

3-1-4- Methodological Limitations

Despite these efforts, this study relies on cross-sectional, self-reported data, which may still be subject to response
bias. Future research may apply longitudinal designs or incorporate objective behavioral data and advanced statistical
techniques, such as marker variables or latent method factor approaches, to further address common method bias
concerns.

3-2-Descriptive Analysis

The analysis encompasses a total valid sample of 372 respondents (see Table 1). In terms of demographic profile, the
sample is predominantly male (72.85%). Regarding age distribution, the largest segment of respondents falls within the
26-35 years old category (55.38%), indicating a relatively young sample. Educational attainment is notably high, with
the vast majority of respondents holding a bachelor's degree (35.48%) or a postgraduate degree (35.76%). Income levels
are distributed across four brackets: less than ¥3,000 (18.56%), ¥3,000-5,000 (33.33%), ¥5,000-8,000 (28.49%), and
more than ¥8,000 (19.62%).

Concerning shopping experience, the data reveals that a significant proportion of respondents are experienced online
shoppers. Only a small minority reported having no online shopping experience (3.23%). The largest group has 1-3 years
of experience (47.85%), followed closely by those with over three years of experience (34.41%). Combined, these two
categories indicate that over 80% of the sample has substantial familiarity with online shopping.

Table 1. Demographic information

Items Frequency Percent
Male 271 72.85
Gender
Female 101 27.15
Less than 25 years old 42 11.29
26-35 years old 206 55.38
Age
36-45 years old 82 22.04
More than 46 years old 42 11.29
Junior High School or Below 31 8.33
High School 76 20.43
Education level
Bachelor's Degree 132 35.48
Postgraduate 133 35.76
Less than 3000 69 18.56
3000-5000 124 33.33
Income
5000-8000 106 28.49
More than 8000 73 19.62
No experience 12 3.23
Less than 1 year 54 14.51
Shopping experience
1-3 years of experience 178 47.85
Over 3 years of experience 128 34.41

Page | 1401



Emerging Science Journal | Vol. 10, No. 3

Descriptive statistics for the key variables, including information acquisition ability, online word of mouth, perceived
value, trust, and purchase intention, are presented in Table 2. Prior studies [11-13, 37] have emphasized the importance
of these variables in explaining consumers’ purchasing behavior regarding fresh agricultural products.

Table 2. Variables in the research

Observed Variables Items  Development of Research Variables

Information acquisition ability

Direct acquisition capability
Indirect acquisition capability 9 [11, 12, 13]

Information processing capability
Online word of mouth

Content word of mouth
Product word of mouth 9 [15, 16, 19]

Service word of mouth
Perceived value

Economic value

Social value
) 12 [8,21, 22]
Emotional value
Functional value
Purchase intention
Personal purchase
6 [27,37]

Recommended purchase

Descriptive statistics in Table 3 show consistently positive consumer perceptions across all constructs. Information
acquisition ability (M = 3.61) is moderately high, suggesting consumers can effectively access product-related
information. Online word of mouth (M = 4.11) and perceived value (M = 3.95) are both rated favorably, indicating
recognition of shared experiences and product benefits. Trust records a higher mean (M = 4.15) but with greater
variability, reflecting differences in confidence toward sellers and platforms. Purchase intention reports the highest mean
(M =4.39), accentuating strong willingness to buy fresh agricultural products via live streaming. Collectively, the results
highlight that consumers hold positive attitudes overall, with purchase intention emerging as the most prominent
outcome.

Table 3. Mean and standard deviation for each variable

Variable Min  Max Mean S.D.

Information acquisition ability (IAA) 1 5 3.60941 0.412563

Online word of mouth (OWM) 1 5 411333 0.45010
Perceived value (PV) 1 5 3.94967 0.40373
Purchase intention (PI) 1 5 4.39071 0.39577

After conducting, analyzing and studying relevant theories, literature reviews and concepts, this study created
potential and observable variables. A structured questionnaire survey was used to obtain the main data of this study.
Some analyses, including correlation and descriptive statistics, were conducted to examine the relationship between the
variables.

4- Empirical Results
4-1-Reliability and Validity Analysis

Table 4 presents Cronbach's Alpha values and the items for each variable measured in the study. All variables
demonstrate Cronbach's Alpha values exceeding 0.7, indicating excellent questionnaire reliability. Cronbach’s alpha
value for purchase intention was 0.764, which represents the lowest among all the variables. This indicates a relatively
high level of reliability, thereby supporting the appropriateness of proceeding with subsequent analyses in this study.
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Table 4. The reliability analysis for each variable

Variable Cronbach's Alpha N of Items
Information acquisition ability 0.876 9
Online word of mouth 0.886 9
Perceived value 0.782 12
Purchase intention 0.764 6

Table 5 reports the Kaiser—Meyer-Olkin (KMO) values, F statistics, and significance levels (Sig.) for all
observational variables included in the study. Each variable demonstrates a KMO value above the recommended
threshold of 0.5, indicating satisfactory sampling adequacy and strong construct validity of the questionnaire. Given
these results, the data meet the necessary conditions for factor analysis, allowing the study to proceed to subsequent
analytical stages.

Table 5. The validity analysis for each variable

Variable KMO value F value Sig.

Information acquisition ability (IAA) 0.890 2335.795 0.000
Online word of mouth (OWM) 0.793 1779.263 0.000
Perceived value (PV) 0.772 860.190 0.000
Purchase intention (PI) 0.832 971.479 0.000

Following an extensive review of relevant literature and theoretical frameworks, a confirmatory factor analysis (CFA)
was performed to evaluate the measurement model [65]. The analysis, conducted using AMOS 28.0, demonstrated an
adequate model fit. The model was statistically non-significant (p > 0.05), with a y */df ratio < 2.00 and an RMSEA
value < 0.05, both within recommended thresholds. The comparative fit index (CFI) was 0.986, further confirming the
model’ s robustness, as values above 0.90 are considered acceptable and those exceeding 0.95 reflect excellent fit [66].

Figure 3 presents the results of the confirmatory factor analysis (CFA) conducted on the external latent variables
information acquisition ability and online word of mouth using a sample of 372 respondents. The model fit indices were
as follows: y2 = 8.913 with 8 degrees of freedom (df), Comparative Fit Index (CFIl) = 0.964, Tucker—Lewis Index (TLI)
= 0.933, and Root Mean Square Error of Approximation (RMSEA) = 0.046. Collectively, these indices indicate an
acceptable model fit, with CFI and TLI values exceeding the recommended threshold of 0.90 and RMSEA falling below
the 0.05 benchmark.

Figure 3. CFA of external latent variables I1AA & IOWM (Note: Chi-Square (3% = 8.913, df =8, CFI = 0.964, TLI = 0.933,
RMSEA = 0.046)

Figure 4 shows the results of the confirmatory factor analysis (CFA) on the external latent variables PV (Mediating
variable Perceived Value) and Pl (Dependent variable purchase intention) with a sample size of 372. Model fit indices
are as follows: Chi-Square (y?) = 18.582 with 18 degrees of freedom (df), Comparative Fit Index (CFI) = 0.944, Tucker-
Lewis Index (TLI) = 0.953, and Root Mean Square Error of Approximation (RMSEA) = 0.038. These indices indicate
an acceptable fit of the model to the data.
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Figure 4. CFA of external latent variables PV & PI (Note: Chi-Square (x?) = 18.582, df = 18, CF1=0.944, TLI1=0.953,
RMSEA = 0.038)

4-2-Correlation Analysis

Correlation analysis is a fundamental statistical technique used to assess the strength and direction of relationships
between variables. The most common measure, the Pearson correlation coefficient, quantifies linear associations
between continuous variables on a scale from —1 to +1, where values close to +1 indicate strong correlations and 0
reflects no linear relationship. Alternative measures, such as Spearman’s rank correlation and Kendall’s tau, are applied
when data are ordinal or non-linear. Even though widely used across disciplines, correlation analysis does not establish
causality and may be affected by outliers or confounding factors; thus, results should be interpreted with caution and
supported by visualization tools.

In this study, correlation analysis is applied as a preliminary step to examine associations among key variables,
providing insights into their interrelationships and guiding subsequent modeling, including regression and structural
equation analysis. This ensures that only theoretically and empirically relevant variables advance to more complex
testing.

Average Variance Extracted (AVE) is commonly used to evaluate the convergent validity of latent variables in a
measurement model. It reflects the extent to which a latent construct explains the variance of its observed indicators. An
AVE value above 0.50 is generally considered acceptable, indicating adequate convergence (see Table 6).

Table 6. The correlation coefficient, reliability, and AVE of the latent variables

Latent variables IAA OWM PV PI
1AA 1.00
OWM 0.592%* 1.00
PV 0.392%* 0.504%* 1.00
PI 0.429%** 0.562%* 0.464** 1.00
Construct Reliability 0.875 0.902 0.872 0.910
AVE 0.701 0.844 0.723 0.616
VAVE 0.837 0.919 0.850 0.785

Note: **. At 0.01 level (two-tailed), the correlation was significant.

The correlation analysis revealed highly significant positive relationships among all latent variables (p < 0.01, two-
tailed), with coefficients ranging from 0.392 to 0.592. The strongest association was observed between IAA and OWM
(r = 0.592), suggesting potential overlap or shared variance between these constructs. Construct reliability was
consistently strong (0.872-0.910), surpassing the recommended 0.70 threshold [67]. Convergent validity, as measured
by average variance extracted (AVE), ranged from 0.616 to 0.844, with purchase intention (P1) exhibiting the lowest
AVE (0.616), which approaches the lower acceptable boundary and suggests relatively weaker convergence.

To further assess construct validity, both convergent and discriminant validity were examined using confirmatory
factor analysis (CFA) within a structural equation modeling (SEM) framework. Prior methodological guidelines
recommend standardized factor loadings above 0.50 to establish convergent validity [68], a criterion satisfied by all
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constructs in this study (see Table 7). The CFA results indicated a good overall model fit (y? = 128.364, df = 98, p >
0.05), supported by additional fit indices, including GFI = 0.953 and AGFI = 0.978 [69], as well as RMSEA = 0.012,
which is well below the recommended 0.05 threshold for excellent model fit [70].

All these findings confirm that the measurement model demonstrates strong reliability, satisfactory convergent
validity, and an overall robust fit with the empirical data.

Table 7. Criteria and theory of goodness-of-fit values

Criteria Index Criteria Values Results
Chi-square: 2 p=>0.05 128.364 passed
$2/df <2.00 1.310 passed

GFI >0.90 0.953 passed

AGFI >0.90 0.978 passed
RMSEA <0.05 0.012 passed
Cronbach’s Alpha >0.70 0.856 passed

The hypotheses testing results are presented in Table 8. All five hypotheses were supported at the 0.001 significance
level (see Table 8). H1 confirmed that information acquisition ability (IAA) has a significant positive impact on purchase
intention (PI) of fresh agricultural products (B = 0.160, CR = 11.827). H2 demonstrated that IAA significantly influences
consumers' perceived value (PV) (B = 0.343, CR = 8.322). H3 showed that online word of mouth (OWM) positively
affects purchase intention of fresh agricultural products (= 0.757, CR = 12.033). H4 indicated that OWM significantly
impacts consumers' perceived value (f = 0.158, CR = 4.116). Finally, H5 confirmed that consumers' perceived value
(PV) has a significant positive effect on purchase intention of fresh agricultural products (f = 0.195, CR = 5.840). These
findings collectively support all proposed hypotheses in the conceptual framework.

Table 8. Hypotheses testing results

Hypotheses Estimate S.E. C.R. P-Label Results

H1: The information acquisition ability has a significant impact on the purchase intention of fresh

*oksk
agricultural products. (Pl 1AA) 0.160 0.029  11.827 Accepted

H2: The information acquisition ability has a significant impact on the perceived value of consumers.
(PVe 1AA)

H3: Online word of mouth has a significant impact on the purchase intention of fresh agricultural
products. (Pl OWM)

H4: Online word of mouth has a significant impact on consumers' perceived value. (PV«< OWM) 0.158 0.038 4.116 Fkk Accepted

0.343 0.161  8.322 ok Accepted

0.757 0.063 12.033 ok Accepted

H5: Consumers' perceived value has a significant impact on the purchase intention of fresh

koK
agricultural products. (Pl< PV) 0.195 0.033 5840 Accepted

Note: *Sig.<0.05, **Sig.<0.01, ***Sig.<0.001, Critical ratios (t-values) more than 1.96 are significant at the 0.05 level. S.E. = standard error, CR = critical ratio(t-value).

4-3- Mediator Effect Analysis

To further verify the mediating roles of perceived value, the bootstrapping method with 5,000 resamples was applied.
This analysis tested both the parallel mediation (IAA/OWM — PV — PI), including direct and indirect effects and the
95% bias-corrected confidence intervals (see Table 9).

Table 9. Results of the mediation effect test

Mediation Path Direct Effect Indirect Effect 95% CI (Boot) Mediation Type

IAA — PV — PI 0.093%**x* 0.067* [0.001, 0.133] Partial

OWM — PV — PI 0.726%%+ 0.031* [0.013, 0.049] Partial

The bootstrapping results confirmed that perceived value plays a significant mediating role. Perceived value acts as
a partial mediator in the relationships between IAA/OWM and PI. This mediation effect demonstrates that cognitive and
relational factors jointly explain consumers’ purchase intentions.

So, the following assumptions hold.

H6: Perceived value mediates the relationship between the information acquisition ability and fresh agriculture
product purchasing intention. Information acquisition ability has enhanced customers' trust and recognition of fresh
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agriculture product, improve customer perceived value making them more aware of its practical benefits and
encouraging them to purchase fresh agriculture product more actively. Customers who perceive higher value from
products believe that the impact of Information acquisition ability is more significant.

H7: Perceived value plays an intermediary role between the online word of mouth and the purchase intention of fresh
agricultural products, especially in the process of choosing products through video live streaming. Consumers attach
great importance to the online reputation of the products. When the perceived value is high and the online reputation is
good, they are more willing to purchase the products. If the online reputation is poor, even if the perceived value is high,
it will still affect consumers' purchasing intention.

4-4- Structural Equation Modeling (SEM) Results

Hooper [71] recommended excluding items with low R2 values (< 0.20), as such values indicate substantial error.
The results of the structural equation modeling (SEM), presented in Figure 4, confirm that the proposed model satisfies
the required fit criteria, with the Test of Close Fit (p-close) found to be non-significant, indicating adequate model fit.
Moreover, all latent constructs demonstrated positive effects on purchase intention (PI). Among these, online word of
mouth exerted the strongest influence (B = 0.76), and information acquisition ability (B = 0.34).

Figure 5 presents the final structural equation model (SEM) with estimated values based on a sample size of 372.
Model fit statistics are as follows: Chi-Square (y2) = 128.364 with 98 degrees of freedom (df), p-value = 0.62502, and
Root Mean Square Error of Approximation (RMSEA) = 0.012. These values indicate a strong fit of the model to the
observed data, suggesting that the final SEM adequately represents the relationships among the variables.
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Figure 5. SEM final model with values from estimates (n = 372): (Note: Chi-Square (3 = 128.364, df = 98,
p-value = 0.62502, RMSEA = 0.012)

4-5-Discussion

This study investigates consumers’ purchase intention toward fresh agricultural products in live-streaming e-
commerce environments by integrating information acquisition ability, online word of mouth, and perceived value into
a unified analytical framework. The empirical results confirm that information acquisition ability and online word of
mouth both exert significant positive effects on purchase intention, and that perceived value plays a critical mediating
role in this process. These findings extend existing research on live-streaming commerce by highlighting the active
cognitive role of consumers in information-rich digital environments.

First, the results demonstrate that information acquisition ability significantly enhances consumers’ purchase
intention. This finding supports information processing theory, which posits that consumers with stronger capabilities to
search for, interpret, and integrate information are better equipped to reduce uncertainty and make confident purchase
decisions. Unlike prior studies that primarily emphasize streamer characteristics or entertainment features, the present
study reveals that consumers’ own cognitive competence constitutes a fundamental driver of purchase intention in live-
streaming contexts. This insight is particularly relevant for fresh agricultural products, where quality uncertainty and
information asymmetry are pronounced, and where consumers’ ability to evaluate freshness, safety, and value-for-money
becomes crucial.
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Second, online word of mouth is found to exert a significant positive influence on purchase intention, consistent with
previous studies highlighting the persuasive power of peer-generated evaluations in online marketplaces. However, this
study advances the literature by demonstrating that different dimensions of OWM (namely content-related, product-
related, and service-related evaluations) jointly shape consumers’ value perceptions in live-streaming settings. Compared
with traditional e-commerce environments, live-streaming commerce amplifies the immediacy and vividness of OWM
through real-time comments and interactive feedback, thereby strengthening its impact on consumers’ evaluative
judgments.

Third, perceived value is confirmed as a key mediating mechanism linking both information acquisition ability and
online word of mouth to purchase intention. This finding aligns with perceived value theory, which conceptualizes
purchase intention as the outcome of consumers’ evaluations of functional, emotional, social, and economic benefits.
The mediating role of perceived value suggests that information cues alone do not directly translate into purchasing
decisions; rather, consumers interpret and internalize these cues through value assessments before forming behavioral
intentions. This result also helps explain why risk- and trust-related perceptions, although important, operate indirectly
by shaping value formation rather than functioning as independent value dimensions.

When compared with existing research, the findings of this study complement and extend prior work in several
ways. While previous studies have emphasized streamer credibility, platform trust, or impulsive buying behavior,
the present study foregrounds consumers’ information acquisition ability as an endogenous cognitive factor.
Moreover, by integrating information acquisition ability and online word of mouth within a perceived value
framework, this study provides a more comprehensive explanation of purchase intention formation in live-streaming
commerce.

These results are broadly consistent with earlier findings on the importance of information quality and social
influence, yet they also reveal that consumer heterogeneity in information-processing capability plays a decisive role in
determining how such information is interpreted and acted upon.

From a contextual perspective, although this study focuses on Chinese live-streaming platforms, the underlying
theoretical mechanisms—information processing, value evaluation, and behavioral intention—are not context-bound.
Therefore, the proposed framework may be applicable to other emerging or developed markets where live-streaming
commerce is characterized by high information intensity and interactive engagement, albeit with potential variations in
magnitude due to cultural or institutional differences.

5- Conclusion

This study investigates consumers’ purchase intention toward fresh agricultural products in live-streaming e-
commerce by integrating information acquisition ability, online word of mouth, and perceived value into a unified
analytical framework. Using survey data from consumers with live-streaming shopping experiences and applying
structural equation modeling, the study empirically examines the relationships among these key constructs. The results
demonstrate that both information acquisition ability and online word of mouth exert significant positive effects on
purchase intention, while perceived value plays a crucial mediating role in this process.

From a theoretical perspective, this study makes several important contributions. First, it extends the live-
streaming e-commerce literature by shifting the analytical focus from streamer- or platform-centered explanations
to consumers’ active cognitive capabilities. By conceptualizing information acquisition ability as a
multidimensional construct, the study highlights the role of consumers as information processors rather than passive
recipients. Second, this research enriches online word-of-mouth studies by differentiating content-related, product-
related, and service-related evaluations, thereby clarifying how diverse informational cues shape value perception.
Third, by positioning perceived value as a mediating mechanism, the study advances perceived value theory in live-
streaming contexts and explains how information cues are transformed into purchase intention through consumers’
evaluative processes.

The findings also offer practical implications for platform operators, streamers, and agricultural sellers. Enhancing
the clarity, accuracy, and diagnosticity of information presented during live streams can improve consumers’ value
perceptions and purchasing confidence. Platforms and sellers should also facilitate consumers’ access to supplementary
information and encourage high-quality word-of-mouth interactions to reduce uncertainty associated with fresh
agricultural products.

Despite its contributions, this study has several limitations. The data were collected from Chinese live-streaming
platforms, which may limit the generalizability of the findings to other cultural or institutional contexts. In addition, the
use of self-reported, cross-sectional data may introduce response bias. Future research could employ longitudinal
designs, incorporate objective behavioral data, or examine cross-country samples to further validate and extend the
proposed framework.
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