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Abstract
Rural e-commerce, dominated by entrepreneurial farmers, is growing rapidly in developing countries, especially in China.
However, with the expanding scale of e-commerce farmers, the competition is becoming fierce, and their entrepreneurial
performance is facing difficulties in growth. Pioneering practices in China show that big data can promote the sustainable
development of e-commerce farmers. This paper attempts to explore how big data products affect e-commerce farmers’
entrepreneurial performance by using the survey data from China, and structural equation modeling. Findings show that big
data products significantly improve e-commerce farmers’ entrepreneurial performance. The usefulness and ease of use of and
experience with big data products can enhance e-commerce farmers’ entrepreneurial alertness and dynamic capabilities. The
findings have important implications for how to promote entrepreneurial growth of e-commerce farmers and big data appli-
cations in rural areas.

Plain language summary

Using big data products to improve the entrepreneurial performance of e-commerce farmers

Empirical evidence from China suggests that big data products developed by e-commerce enterprises can improve the
entrepreneurial performance of e-commerce farmers by enhancing their entrepreneurial alertness and dynamic
capabilities. In the development process of rural e-commerce in developing countries, the empowerment of data should
be paid attention to.
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Introduction

Over the past decade or so, China has made rapid prog-
ress in rural e-commerce. According to the Ministry of
Commerce of China, in 2023, the growth of platform
transactions reached 30%, and the online annual rural
and agricultural retail sales reached 2.49 and 590billion
yuan, respectively. Farmers—the main driver of rural
and agricultural e-commerce development in China—are
now called ‘‘e-commerce farmers.’’ Such farmers are clus-
tered in one village or cross-villages, forming e-commerce
industry clusters. However, over time, the e-commerce
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market has become increasingly competitive; thus, many
e-commerce farmers are experiencing slow business
growth. Specifically, e-commerce farmers are experien-
cing low-level homogeneous competition and a decline in
prices and profit margins, leading to business difficulties
(L. Li et al., 2024; Shao, 2017; Zeng, Guo, et al., 2019).
Meanwhile, the rising costs of production factors threa-
ten the survival of cost-sensitive e-commerce farmers
(Guo et al., 2024; W. Tang & Zhu, 2020). Consequently,
how to enhance e-commerce farmers’ business perfor-
mance and improve rural e-commerce sustainability have
become important issues that China and other develop-
ing countries must solve.

In learning how to improve e-commerce farmers’
entrepreneurial performance, scholars have focused on
strengthening the roles of government and industry asso-
ciations. The government should actively prioritize the
changes in rural e-commerce and provide timely policy
support in terms of talent, land, capital, technology, and
supervision (Avgerou & Li, 2013; Jin et al., 2020; Zeng,
Guo, et al., 2019). In addition, the establishment of farm-
ers’ e-commerce associations will implement self-disci-
pline, integrate resources, and strengthen coordination
(Gao & Liu, 2020; Qi et al., 2019; Zeng et al., 2017).
Although the government and e-commerce association
have a supporting role, and e-commerce farmers cannot
grow without them, they are external causes. Their sup-
port is discontinuous, indirect, and lagging behind mar-
ket changes. According to entrepreneurship theories, e-
commerce farmers’ entrepreneurial performance relies on
improving their own internal capabilities, namely entre-
preneurial alertness and dynamic capabilities. The former
reflects the entrepreneur’s reaction capacity to identify
new opportunities (Roundy et al., 2017; J. Tang et al.,
2012; Valliere, 2013), while the latter reflects the entre-
preneur’s process capability to transform new opportuni-
ties into actual performance (Corner & Wu, 2012; Helfat
& Peteraf, 2015; Teece, 2018). Both constitute a ‘‘discov-
ery-implement’’ framework and can only co-exist (Si
et al., 2015; Wright & Zammuto, 2013). Therefore, learn-
ing how to improve the entrepreneurial alertness and
dynamic capabilities of e-commerce farmers is the key to
enhancing their entrepreneurial performance.

As e-commerce rises in China, platform enterprises
represented by Alibaba and JD are now developing big
data products for online merchants. In rural China,
some e-commerce farmers are using e-commerce big data
products to help improve their business capabilities—a
noteworthy research topic. Big data products seem to
effectively solve the problem of improving e-commerce
farmers’ entrepreneurial performance. A considerable
amount of data is deposited on e-commerce platforms
and is mined and analyzed, providing important gui-
dance for online merchants’ production and operation.

According to Alibaba’s research report on China’s
Taobao Village, the number of online merchants using
data products in Taobao Village is growing rapidly
(AliResearch, 2020). According to a rural household sur-
vey, approximately 30% of e-commerce farmers in coun-
ties with more developed rural e-commerce have used
such products (L. Li et al., 2024). More online merchants
are using data to gain opportunities. Relying on experi-
ence is becoming obsolete, and an efficient use of data
can help upgrade online merchants. These pioneering
practices in China may bring important lessons to devel-
oping countries. However, academic research is needed
to determine the facts and logic behind this new
phenomenon.

Therefore, this paper aims to reveal how big data
products affect e-commerce farmers’ entrepreneurial per-
formance and explore the implications that can be
extended to developing world. Specifically, we attempt
to answer three questions: (1) Can big data products help
improve e-commerce farmers’ entrepreneurial perfor-
mance? (2) How do big data products affect e-commerce
farmers’ entrepreneurial alertness and dynamic capabil-
ities? (3) How can developing countries optimally design
big data products to better empower farmers?

To answer these questions, this paper first establishes
the analytical framework of big data products based on
product attributes. Then, it deduces theoretically how
such products can improve e-commerce farmers’ entre-
preneurial performance by affecting entrepreneurial
alertness and dynamic ability and proposes research
hypotheses. Moreover, this paper conducts an empirical
study by using the survey data of e-commerce farmers
from China, and the structural equation modeling (SEM)
method. Results show that the usefulness and ease of use
of and experience with big data products developed by e-
commerce platform enterprises significantly improve e-
commerce farmers’ entrepreneurial performance by
enhancing their entrepreneurial alertness and dynamic
capabilities. The findings also confirm the positive role of
the products in improving such performance and provide
important implications for developing countries to
enhance the sustainability of rural e-commerce.

Background

Taobao Village Phenomenon in China

Over the last decade, under the combination of various
favorable conditions, China’s rural e-commerce has risen
very rapidly; farmers are increasingly using platforms to
access the market. In the early stages of rural e-com-
merce, Alibaba’s Taobao was a key enabler with its low
entry barriers, technical difficulty, and capital require-
ments for farmers; consequently, there is more enthusi-
asm for online sales (Zeng et al., 2017). As rural online
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businesses are primarily based on the Taobao, the e-
commerce villages are also known as ‘‘Taobao villages.’’
AliResearch, an affiliate of Alibaba, has formulated spe-
cial statistical rules and published annual research
reports on China’s Taobao villages since 2013. Research
has been conducted on Taobao villages, which have
aroused wide social concern. Some scholars use quantita-
tive analysis methods to discuss the spatial aggregation
of Taobao villages, influential factors of farmers’ adop-
tion of e-commerce, and how farmers’ adoption of e-
commerce affect their income, consumption, employ-
ment, and immigration decisions (M. Liu et al., 2020;
Luo & Niu, 2019; Ma et al., 2020; Qi et al., 2019).
Others use the case study method to conduct in-depth
research on typical Taobao villages (Avgerou & Li,
2013; Gao & Liu, 2020; G. Lin et al., 2016; Zeng, Guo,
et al., 2019).

Taobao Village is, in essence, an e-commerce industry
cluster phenomenon with farmers as the primary body
and the village as the spatial scale (Zou & Liang, 2015).
With the rapidly developing rural e-commerce in China,
platform companies are increasingly entering the field. E-
commerce farmers in Taobao Village are now using not
only the Taobao platform but also JD, Pinduoduo,
Douyin, Kuaishou, WeChat, and other diversified plat-
forms (Guo et al., 2024; Zeng, Guo, et al., 2019). China’s
rural e-commerce format has also expanded from tradi-
tional graphic and shelf e-commerce to more formats
such as community marketing, short video marketing,
and live e-commerce (L. Li et al., 2024). Therefore, at this
stage, Taobao Village has surpassed Taobao itself. The
research results of Taobao villages apply to all platforms.
The pressure and difficulties faced by e-commerce farm-
ers are common problems of all platforms, which are
becoming competitive and have hidden barriers. Scholars
usually consider Taobao Village as the research object,
because it focuses on spatially highly-concentrated e-
commerce farmers. Compared with the investigation of
ordinary villages, that of Taobao villages can greatly
reduce the search cost (Li, Guo, et al., 2021). That is,
conducting research on e-commerce farmers in Taobao
Village has a scale effect and convenience. Consequently,
the academic community has focused on Taobao Village.

The practical evolution of many Taobao village clus-
ters follows that of traditional industry clusters, and the
whole evolution process has three phases: quantity expan-
sion, quality improvement, and innovation. In the first
stage, the rural social network helps diffuse information
and stimulate the imitation learning effects of farmers.
However, with the rapid expansion of cluster scale, com-
petitive price wars inevitably break out due to high prod-
uct homogeneity, causing a decline in the profit margin
(L. Wan, 2015). At this time, an quality crisis can easily
occur. Some farmers may choose to sacrifice product

quality and carry out a low-price competition strategy,
known as the ‘‘race to the bottom’’ (Otsuka & Sonobe,
2011), which, left unchecked, can lead to counterfeiting, a
decline in the cluster’s reputation, and, ultimately, its
demise. To this end, local governments should take mea-
sures to strengthen product quality supervision and test-
ing, encourage e-commerce farmers to establish industry
associations to strengthen industry self-discipline, and set
up industrial parks, to enter the cluster into a quality
improvement period. In this phase, the number of online
merchants tends to stabilize, and the improved product
quality increases the cluster output value. As the cluster
develops further, due to changes in the overall macroeco-
nomic environment, land rents, labor, and other factor
prices will gradually rise (W. Tang & Zhu, 2020; Zeng
et al., 2024); thus, coupled with intensifying external com-
petition from other regions, the cluster must be upgraded.
Therefore, by the end of the quality improvement period,
as the comparative advantage changes, the cluster should
shift its profit margin from traditional manufacturing to
technology research and innovation (L. Li et al., 2024).
Unlike traditional clusters, a new phenomenon of digita-
lized operation in the research and innovation phases is
occurring in the rural e-commerce clusters represented by
Taobao villages. E-commerce farmers are using big data
products to guide their innovations and the role of data
elements in empowering industrial cluster development
continues to grow (Zeng et al., 2024).

E-commerce Big Data Products in China

Data are a key to socio-economic development and the
fundamental feature of a digital economy, distinguishing
it from industrial and agricultural economies. With the
development of big data, the role of data elements in
socio-economic development will continue to increase.
Big data refers to a large-scale data set exceeding the
capability range of traditional database software tools in
terms of collection, storage, management, and analysis
(Chi et al., 2016; C. Huang et al., 2020; Rodriguez et al.,
2017). It has a large data capacity, fast data transmission,
diverse data types, timely data updates, and high data
quality (Sheng et al., 2021). High value is created at low
cost (Hanelt et al., 2021). With a rapidly developing
modern society, a variety of massive digitized informa-
tion is being constantly produced, collected, stored, pro-
cessed, and utilized and bringing all-round social changes
and profoundly affecting production and people’s lives
(Talaoui et al., 2023). The application of big data analy-
sis technologies is accelerating in different industries,
such as finance, insurance, network marketing, and sci-
entific research (Bailey et al., 2019). Governments are
also using big data analytics to serve citizens and to bet-
ter respond to various changes (G. H. Kim et al., 2014).
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The big data mentioned in the current literature pri-
marily refers to the data accumulated by the govern-
ment’s public databases, telecom operators, and large
enterprises in various industries (Farboodi et al., 2019;
Goldfarb & Tucker, 2019). This paper focuses on big
data products in e-commerce field, which has a research
gap. At present, China’s big data products based on e-
commerce platforms are primarily the ‘‘Business
Advisor’’ (BA) developed by Alibaba Group and the
‘‘Jingdong Business Intelligence’’ (JBI) developed by JD
Group (Zeng et al., 2024).

BA, launched in August 2011, is a data-driven busi-
ness analysis platform mainly providing data support,
market insights and operation tools for e-commerce mer-
chants, especially those on platforms like Taobao and
Tmall (Figure 1). Through BA, merchants can view the
traffic data of their stores in real time, including the
number of visitors, traffic source channels and the page
views of different pages, thereby accurately locating the
traffic entry points and optimizing the traffic acquisition
strategies. BA can also provide detailed analysis of sales
data, helping merchants understand key indicators such
as the sales trends, sales volume, and conversion rate of
their products, thereby better planning product inven-
tory and promotional activities. BA also covers market
analysis functions. Merchants can view the development
trends of their industries and market share of competi-
tors, thereby formulating more targeted marketing stra-
tegies. In addition, it can conduct in-depth analysis of
consumer behavior, including their geographical distri-
bution, purchasing preferences, and purchase frequency,
helping merchants better understand their target

customer groups and achieve precise marketing. In con-
clusion, BA is an indispensable operational assistant for
e-commerce merchants. By providing comprehensive and
accurate data analysis, it helps merchants make wiser
decisions, enhance the operational efficiency and compe-
titiveness of their stores, and thus stand out in the highly
competitive e-commerce market.

JBI, launched in March 2017, is a one-stop operation
data open platform for JD merchants (Figure 2). JBI
aims to help merchants enhance operational efficiency,
reduce operational costs, and achieve precise marketing
and data-driven decision-making through comprehen-
sive and precise data analysis services. It encompasses
abundant data resources, including store traffic, sales
volume, order volume, product page views, sales vol-
ume, user profiles, etc. Merchants can quickly under-
stand the real-time sales and traffic situation of their
stores and keep track of the progress of major promo-
tion tasks through the real-time data function. The
traffic detail function helps merchants analyze the
sources and destinations of traffic and evaluate the
effect of traffic diversion. The product performance
analysis module provides data such as product traffic,
sales volume, and add-on purchases, helping merchants
optimize product operations. JBI also has a powerful
customer analysis capability, which can deeply depict
user profiles and help merchants achieve precise mar-
keting. It also offers industry trend analysis to help
merchants understand market dynamics and formulate
more competitive strategies. Whether it is small and
medium-sized merchants or large brand owners, JBI
can provide targeted data support and solutions.

Figure 1. The homepage of BA’s official website.
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Framework and Hypotheses

Analytical Framework of Big Data Products

The fundamental perspective of studying data products
lies in product attributes, which are the basic properties
in a product (T. Y. Lee & Bradlow, 2011). A product is
an aggregate of a set of attributes (K. Kim & Chhajed,
2002). That is, product attributes are usually multidimen-
sional (Scekic & Krishna, 2021), and the product pre-
sented to the consumer is the joint action of said
attributes (Kumar et al., 2021). Regarding the specific
dimensions of product attributes, a variety of studies
exist. Some scholars divide product attributes into tangi-
ble and intangible attributes, the former being the prod-
uct’s physical attributes that can be directly observed,
such as color, shape, volume, and other aspects, and the
latter being the service and use experiences behind the
product, such as feel, comfort, and customer service atti-
tude (Anderson et al., 1994). A few scholars have further
classified product attributes into two types, functional
and hedonistic, depending on the product’s benefits and
utility to the consumer, with the former primarily focus-
ing on its actual functional value and the latter on gener-
ating a pleasurable experience (Voss et al., 2003).
Moreover, product attributes are further divided as fol-
lows: cognitive and emotional, which are, respectively,
based on consumers’ rational and emotional evaluations
and judgments (J. Huang et al., 2022; Leclerc et al.,
1994). Some scholars divide product attributes into verti-
cal and horizontal attributes if users have consistent pre-
ference standards for them. Vertical attributes refer to
the attributes that consumers have clear and unified pre-
ference standards for in product attributes, while

consumers have no unified preference for horizontal attri-
butes and often have different evaluation standards due
to personal preferences (M. Huang et al., 2017; Kwark
et al., 2014; Sun, 2011). Although scholars adopt different
conceptualization methods for the dimensional division
of product attributes, they are generally similar. In gen-
eral, product attributes ultimately focus on two levels: the
purely physical and humanistic levels reflecting instru-
mental rationality and emotional value, respectively.

Our research object involves e-commerce big data
products, and their use is essentially a new technology
adoption behavior (Zeng, Zhang, et al., 2019). Therefore,
in our view, in addition to referring to the existing litera-
ture on product attributes, ideas from the theory of tech-
nology adoption behavior should also be incorporated.
In this theory, the technology acceptance model (TAM)
is regarded as a concise, rigorous, and practical tool to
predict whether users will adopt new information tech-
nologies, which is suitable for situations where individu-
als make completely autonomous adoption decisions
without other constraints (Joo et al., 2017). An e-
commerce farmer’s decision regarding whether to use a
big data product is pure market behavior and, therefore,
suitable for analysis using the TAM. The core view of
the TAM is that perceived usefulness and perceived ease
of use reflect the subjective evaluation of technology
adopters on technical superiority and operational diffi-
culty, respectively, and jointly determine the individual’s
behavioral attitude toward new technologies (Davis,
1989; Venkatesh, 2000; Venkatesh & Davis, 2000). The
predictive validity of perceived usefulness and perceived
ease of use in technology adoption contexts has been
thoroughly demonstrated through three decades of

Figure 2. The homepage of JBI’s official website.
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empirical research since TAM’s introduction (Xu & Du,
2018). However, simultaneously, some scholars are
attempting to expand the TAM. They argue that useful-
ness and ease of use only reflect the product attributes at
the purely physical and instrumental levels and not the
emotional value level. Therefore, they added new dimen-
sions such as perceived risk, perceived interest, and com-
patibility (Elkins et al., 2013; He & Huang, 2020; M.
Huang et al., 2017; Lutfi et al., 2022; Pan, 2017; Petersen
& Kumar, 2015; Wu & Wang, 2005). We agree with
expanding the TAM from a more complete product attri-
bute framework. Further, we advocate the use of experi-
ential dimensions to summarize the new ideas. The
experience dimension can systematically include the emo-
tional level of the product, especially in the fields of rural
e-commerce and big data products (Li, Zeng, et al.,
2021). The young generation is the primary force of rural
e-commerce entrepreneurship. They prioritize individual
experience and are the demanders and promoters of the
experience economy (Zeng & Guo, 2016). That is, the big
data product analysis framework established in this
paper is a three-dimensional structure of ‘‘usefulness–
ease of use–experience’’ based on product attributes.
Specifically, usefulness refers to e-commerce farmers’
perception and evaluation of the role of big data prod-
ucts in enabling business decision-making; ease of use
refers to e-commerce farmers’ perceived evaluation of the
difficulty of using big data products in the decision-
making process of enabling operation; experience refers
to e-commerce farmers’ perception and evaluation of the
matching degree of big data products in terms of per-
ceived risk, perceived interest, and compatibility (Zeng
et al., 2024).

Big Data Products, Entrepreneurial Alertness, and
Entrepreneurial Performance

In the theory of farmer entrepreneurship, entrepreneurial
alertness is regarded as a critical competency that farmer
entrepreneurs must cultivate (Guo & Zhou, 2013; Hu &
Wang, 2013). Entrepreneurial alertness was first defined
as the capability to focus on previously overlooked entre-
preneurial opportunities and respond quickly (Kirzner,
1978). Entrepreneurial alertness is a precursor to entre-
preneurial opportunity identification, which in turn
affects farmers’ entrepreneurial behavior and entrepre-
neurial performance (Ardichvili et al., 2003). The higher
the entrepreneurial alertness, the higher the likelihood of
an individual successfully identifying an entrepreneurial
opportunity and earning profits (Gaglio & Katz, 2001).
Numerous research consistently demonstrates that main-
taining high entrepreneurial alertness is essential for
entrepreneurs to effectively identify and capitalize on
business opportunities, thereby achieving strong

performance (Ko & Butler, 2003; Roundy et al., 2017; J.
Tang et al., 2012; Valliere, 2013).

Big data products helps to improve e-commerce farm-
ers’ entrepreneurial alertness. Before the internet age,
farmers made business decisions relying on subjective
judgment and accumulated experience, which had limita-
tions like being localized, delayed, and imprecise (L. Li
et al., 2024). Throughout the producer-to-consumer
docking process, multiple problems arose, such as ineffi-
cient information collection and serious information dis-
tortion. The demand information in the market cannot
be timely and effectively fed back to the main body of
production, leading to poor decisions (Zeng et al., 2017).
The Internet’s greatest impact has been on information—
how it flows and how we analyze it. The explosive growth
of data and the development of data analysis technolo-
gies have rapidly advanced the ability to analyze infor-
mation (Talaoui et al., 2023). Big data makes the
information acquisition of e-commerce farmers more
timely, comprehensive, and accurate, greatly reducing
subjective biases and overcoming space-time limitations.
The Internet has reduced intermediate links, placing
operators and consumers in proximity, making it more
effective for operators to make demand-oriented deci-
sions (H. Li et al., 2014). Big data products can help e-
commerce farmers grasp the dynamic information of the
online market on the first attempt (Zeng et al., 2024).
The presentation of rapidly changing data will constantly
stimulate e-commerce farmers visually and cognitively,
allowing them to keep highly alert to market changes
(Elkins et al., 2013). With constant attention to market
changes, the probability of e-commerce farmers discover-
ing new opportunities will continue to increase.

Product attributes are important factors that influence
product use (T. Y. Lee & Bradlow, 2011). When the lev-
els of usefulness and ease of use of and experience with
big data products are higher, their efficacy is more obvi-
ous. The usefulness of big data products is demonstrated
through improved information accessibility, operational
improvement, and income increase after e-commerce
farmers use such products. As e-commerce farmers per-
ceive a higher level of usefulness, their willingness to
adopt big data products and behavioral efforts is more
active, thus, improving their entrepreneurial alertness
and ultimately contributing to enhancing their entrepre-
neurial performance (Pan, 2017). Regarding the ease of
use of big data products, e-commerce farmers will evalu-
ate how easily they can access data metrics, understand
data indicators, and whether the data analysis process is
simple or cumbersome (Zeng et al., 2024). As e-
commerce farmers perceive the ease of use of big data
products to be higher, they have a more open attitude
toward their use, which in turn will increase their entre-
preneurial alertness and ultimately contribute to
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enhancing their entrepreneurial performance (Wang &
Cui, 2023). Similarly, the actual supply of big data prod-
ucts in terms of experiential factors such as perceived
risk, perceived interest, and compatibility is comparable
to the demand and preference of e-commerce farmers to
generate perceived cooperation (J. Huang et al., 2022;
Oh & Yoon, 2014), which will promote their use of big
data products. Thus, it can improve entrepreneurial
alertness and ultimately enhance entrepreneurial
performance.

Summarizing the above analysis, we propose the fol-
lowing hypotheses:

H1: The usefulness of big data products positively
affect e-commerce farmers’ entrepreneurial alertness.
H2: The ease of use of big data products positively
affect e-commerce farmers’ entrepreneurial alertness.
H3: The experience of big data products positively
affect e-commerce farmers’ entrepreneurial alertness.
H4: The entrepreneurial alertness of e-commerce
farmers positively affect their entrepreneurial
performance.

Big Data Products, Dynamic Capabilities, and
Entrepreneurial Performance

Derived from the resource-based view, dynamic capabil-
ity stresses that enterprises should cultivate an acute abil-
ity to adapt to external changes, enabling timely and
strategic resource integration and restructuring, which
greatly benefits their business performance (Chien &
Tsai, 2012; P. Y. Lee et al., 2018; Pan, 2017; Teece, 2018;
Wilden et al., 2013; Yi et al., 2006). For a long time,
farmers could not effectively identify, accurately perceive,
and timely respond to external market demand, leading
to difficulties in the increase of farmers’ operating income
(L. Li et al., 2024; Markelova et al., 2009; Wiggins et al.,
2010; Zhang & Hu, 2014). Moreover, farmer’s manage-
ment decisions rely on experience, imitation, and luck;
thus, they are prone to make mistakes and have higher
risks (Zeng et al., 2024). The external market changes
cannot be spread to farmers in a timely way, leading to
extremely poor dynamic capacities due to which they
appear very passive when participating in the market and
often increase production without increasing income
(Zeng et al., 2017). Hence, finding ways to effectively
boost farmers’ dynamic capabilities is essential to tack-
ling the issue of raising their income (Cai et al., 2023).

However, the use of big data products contributes to
improving the dynamic capabilities of e-commerce farm-
ers. By utilizing these products, e-commerce farmers can
access a range of optimal parameter combinations for
their goods, such as color, weight, flavor, price, logistics,
and other aspects, to identify the existing deficiencies in

their operation (L. Li et al., 2024; Zeng, Zhang, et al.,
2019). This is crucial because the e-commerce market is
highly competitive, and weak decision bias will be ampli-
fied under the multiplier effect mechanism of the Internet
(Zapata et al., 2013). The online market is changing all
the time, and operators must always keep themselves up-
to-date and even lead the trend. Through big data prod-
ucts, e-commerce farmers can track live market move-
ments, particularly competitor updates and trending
product information (Zeng et al., 2024). Moreover, big
data can not only provide accurate information timely
but also develop intelligent predictive functions (Lokers
et al., 2016). Prior to this, people could only collect and
process information about past events; however, big data
includes data not only about past and present events but
also about future events through machine learning
(Waga & Rabah, 2014), which allows operators to gain
greater predictability.

The extent to which big data products promotes e-
commerce farmers’ dynamic capabilities and entrepre-
neurial success depends significantly on the attribute
level of such products. Existing studies have shown that
product attributes directly influence consumers’ percep-
tion toward products, which significantly impacts their
use of products (Dubé et al., 2003; Scekic & Krishna,
2021). Product attributes allow consumers to create asso-
ciations before purchasing products, thereby initiating a
psychological simulation of the product’s usage state
(Kumar et al., 2021). In this process, consumers will pro-
duce judgments, which will further impact the formation
of consumers’ attitudes toward the product as well as its
use efficacy (Pham & Taylor, 1999). Another study has
proved that after understanding and judging the various
product attributes, the consumer will use comprehensive
thinking to evaluate the product’s overall image, and the
higher the consumer’s satisfaction with such image, the
more helpful they will consider product efficacy to be
(Mittal & Kamakura, 2001). In practice, e-commerce
farmers gain insights into the attributes of big data prod-
ucts via free trials, obtaining introductory information
about them, searching for relevant information on web
pages, and learning the experiences of other farmers. If
e-commerce farmers understand the high level of useful-
ness and ease of use of and experience with e-commerce
big data products, they will develop a more open attitude
of acceptance and willingness to use such products,
thereby, improving their dynamic capabilities and ulti-
mately contributing to enhancing entrepreneurial perfor-
mance (Cai et al., 2023).

Summarizing the above analysis, we propose the fol-
lowing hypotheses:

H5: The usefulness of big data products positively
affect e-commerce farmers’ dynamic capabilities.
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H6: The ease of use of big data products positively
affect e-commerce farmers’ dynamic capabilities.
H7: The experience with big data products positively
affect e-commerce farmers’ dynamic capabilities.
H8: The dynamic capabilities of e-commerce farmers
positively affect their entrepreneurial performance.

Integrating the above eight hypotheses, this paper
constructs a theoretical model as shown in Figure 3.

Empirical Strategy

Data

This paper uses the data collected from a field household
survey conducted by our research team from July to
August 2022. We selected 15 typical Taobao villages in
Zhejiang Province as survey subjects, such as Bainiu
Village, Maxiao Village, Yuping Village, Xindu Village,
and Qingyanliu Village. We have chosen Zhejiang
Province as the research subject because the local devel-
opment of rural e-commerce is in a leading position in
China (Li, Zeng, et al., 2021). Zhejiang province has the
largest number of Taobao villages in China, and the
scale is significantly ahead of other provinces. Thus, the
investigation of Taobao villages in Zhejiang can easily
capture a group of e-commerce farmers with the first use
of big data products, to provide support for empirical
research. We chose 15 typical Taobao villages for investi-
gation, after considering both representativeness and fea-
sibility. ‘‘These villages have been awarded the title of

China Taobao Village. Their e-commerce started earlier,
developed rapidly, and received wide attention. They are
distributed in Hangzhou, Jinhua, Lishui, Taizhou, and
other different cities and primarily deal in nuts and fried
goods, clothing and apparel, outdoor products, tea,
water heaters, shoes, and other different types of prod-
ucts’’ (Zeng et al., 2024). Our investigation not only had
to be within the scopes of time, energy, and funds but
also consciously ensured that the main areas could be
covered in terms of geographical distribution and indus-
try type. We randomly investigated 30 e-commerce farm-
ers in each village. Taobao Village has a strong
commercial atmosphere, and e-commerce farmers have
different degrees of busyness. Thus, samples are difficult
to obtain through planned sampling methods, which
would cause uncertainty. The chance sampling method
was adopted to adapt to this situation, which was conve-
nient both for us and the e-commerce farmer partici-
pants. During the survey, all participants volunteered
and were free to participate or not. All questionnaires
are anonymous. The questionnaire does not involve deep
privacy issues for the participants, and they may choose
to answer or not to answer any of the questions.
Participants were informed of our commitment that the
survey data would be used only for academic research.
After eliminating the questionnaires with many missing
values, the final number of valid questionnaire samples
is 418.

The descriptive statistics of the surveyed e-commerce
farmers are reported in Table 1. According to the

Figure 3. Theoretical model.
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statistical description results, the basic characteristics of
the sample objects are consistent with the overall objec-
tive situation, which is very close to the information
mentioned in other fields of literature related to Taobao
villages. This implies that the samples have good
reliability.

Variables

The independent variables are the attributes of big data
products, which are examined from three perspectives:
usefulness and ease of use of and experience with big data
products. The attributes are measured on a scale ranging
from 1 to 5, as detailed in Table 2.

The dependent variable is e-commerce farmers’ entre-
preneurial performance, and the mediating variables are
entrepreneurial alertness and dynamic capability. They
are also measured on a scale, as shown in Table 3, rang-
ing from 1 to 5.

Method

The key variables involved in this paper are all connota-
tive concepts. They involve the perception of psychologi-
cal and consciousness levels, which are difficult to
measure directly and accurately and need to be measured
in the form of scales. Therefore, SEM is suitable for test-
ing the relationship between them. SEM is a statistical
method to analyze the relationship between latent vari-
ables based on their covariance matrix, which is an
important tool for multivariate data analysis (Piao et al.,
2012). Traditional statistical methods cannot effectively
deal with these latent variables, which are difficult to
measure directly and accurately, while SEM can deal
with both latent variables and their indices (Hair et al.,
2019). Traditional regression analysis is subject to limita-
tions such as not being allowed to have more than one
dependent or output variable, intermediate variables not
being included in the same single model as the predic-
tors, predictors being assumed to be free of measurement

Table 1. Basic Characteristics of the Surveyed E-Commerce Farmers.

Variables Definition Mean SD

Gender Male = 1, female = 0 0.505 0.501
Age Under 30 = 1, 30–50 = 2, over 50 = 3 1.660 0.536
Years of education Senior high school/technical secondary school or

below = 1, junior college/bachelor degree = 2, bachelor
degree or above = 3

1.914 0.684

Whether enterprise operation or not Yes = 1, No = 0 0.259 0.439
Whether registered trademark or not Yes = 1, No = 0 0.364 0.482
Duration of e-commerce business Less than 2 years = 1, 2–5 years = 2, more than 5 years = 3 1.742 0.774
Main e-commerce business format New e-commerce business formats = 1, traditional e-

commerce business formats = 0
0.586 0.844

Main product type Agricultural products = 1, non-agricultural products = 0 0.273 0.446

Note. Quoted from Zeng et al. (2024).

Table 2. Content of Scale Measure Items for Big Data Product Attributes.

Product attributes Content of measurement items Sources

Usefulness of big
data products

V1: Data products are very useful in the process of online store operation
V2: Data products effectively help me understand market information
V3: With data products, online store business decisions become more accurate

Davis (1989),
Venkatesh (2000),
Venkatesh and Davis (2000),
Yang (2016)Ease of use of big data

products
V4: Learning how to use data products is easy for me
V5: Mastering the functions of the data product is easy for me
V6: With the existing knowledge, I can use the data products

Experience with
big data products

V7: When I use data products, I do not worry about the risks
V8: The data product is quite interesting, I like to use it
V9: The interface design of the data product is quite user-friendly
V10: The data metrics provided by the data product are quite comprehensive
V11: The purchase price of data products is acceptable
V12: There are too few free experience features for data products

Wu and Wang (2005),
Elkins et al. (2013),
Yang (2016)

Note. Quoted from Zeng et al. (2024).
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error, and multiple covariances between predictors hin-
dering the interpretation of results. SEM is not limited
by these aspects (Alqudah et al., 2019). In this paper,
SEM will be used to verify the effects of the three attri-
butes of big data products on the entrepreneurial alert-
ness and dynamic capabilities of e-commerce farmers,
respectively, as well as the effects of the latter two factors
on their entrepreneurial performance.

Generally, the whole analysis process of SEM includes
at least reliability analysis, exploratory factor analysis
(EFA), confirmatory factor analysis (CFA), model fit
evaluation, and path coefficient analysis (Hair et al.,
2019; J. Lin et al., 2015; Wu & Wang, 2005). As the vari-
ables are measured in the form of scales, the data quality
of the measurements must be tested to ensure the validity
of the empirical results. Reliability analysis involves
assessing the consistency and dependability of measure-
ment outcomes. EFA is a statistical technique employed
to uncover the underlying structure among multiple
observed variables. Each variable involved in this paper
has multiple measurement indicators. Indicators of the
same variable have a certain correlation, and indicators
of different variables have certain discrimination. EFA
should be used to analyze the discriminant and conver-
gent validities among multiple indicators of the variable.
CFA is used to analyze whether the relationship between
variables and corresponding measurement terms con-
forms to the logical relationship designed by the research-
ers. Model fit evaluation primarily involves evaluating

the degree of fit between the model and data to ensure
the validity of the model. This process includes checking
the model parameters for irregularities and using various
indicators to evaluate the model fit. Path coefficients are
used to analyze the strength of the direct relationship
between variables. In the SEM framework, the path coef-
ficient represents the strength of the direct relationship
between different variables in the model. These coeffi-
cients are usually standardized, indicating that they
express the number of standard deviations by which one
variable is expected to change when the other variable
changes by one standard deviation. Path coefficients are
similar to regression coefficients in regression analysis,
but they are used for more complex model structures.

Results

Reliability Analysis

Cronbach a value is usually used to measure the magni-
tude of the reliability value of variables in the scale, rang-
ing from 0 to 1. The closer a variable’s Cronbach a value
is to 1, the higher its reliability. In Table 4, the Cronbach
a values of each variable, calculated by SPSS 22.0, range
from .712 to .936, indicating that the scale has high relia-
bility. Additionally, the Cronbach a value of each vari-
able decreased after deleting a measure item, indicating
that each measure item played an important role in mea-
suring its own variable.

Table 3. Content of Scale Measure Items for the Dependent Variable and Mediating Variables.

Variables Content of measurement items Sources

Entrepreneurial
performance

V13: At present, e-commerce profits are very good
V14: E-commerce orders are growing fast
V15: E-commerce operations have not encountered financial difficulties
V16: The goals set at the beginning have been achieved
V17: Social status has been greatly improved compared to before engaging in
e-commerce
V18: I am satisfied with the current income level

McDougall et al. (1994),
Cooper and Artz (1995),
Wall et al. (2004)

Entrepreneurial
alertness

V19: Even on a vacation, I always think about e-commerce
V20: I would spend an evening talking about e-commerce
V21: When I am not at work, I am always thinking about e-commerce

Ardichvili et al. (2003),
Guo and Zhou (2013),
Hu and Wang (2013)

Dynamic
capabilities

V22: If I know about a new technology or product, I will look for an opportunity to
experience it
V23: Among my friends and family, I was one of the first to try out new technology
V24: I am willing to participate in the use of new technology, even if it costs a little
money and time
V25: I will acquire external cutting-edge knowledge on time
V26: I will quickly and accurately understand and master new knowledge acquired from
outside
V27: I will digest and absorb the new knowledge acquired from outside
V28: I am good at responding quickly to market changes and external opportunities
V29: I will update the management mode as needed

Yi et al. (2006),
Pan (2017),
Chien and Tsai (2012),
Wilden et al. (2013),
P. Y. Lee et al. (2018)

Note. Quoted from Zeng et al. (2024).
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EFA

In this paper, SPSS 22.0 was used for EFA. The calcula-
tion results of the principal component analysis method
based on maximum variance rotation showed that the
KMO value of the sample was .946, which was signifi-
cant at the .001 level and higher than the critical value of
.80, indicating that the data of this study were suitable
for factor analysis (Cang & Wang, 2021). The rotated 6
factors extracted 77.592% of the information of the vari-
able. The load value of each measure item in its own
variable was higher than 0.50, while the load value in
other variables was lower than 0.50, indicating that the
scale in this study had good convergent and discriminant
validities (Cang & Wang, 2021).

CFA

Table 5 reports the results of CFA. Average variance
index (AVE) refers to the average extracted variance of
each factor, and the AVE value reflects the convergent
validity of the measure term. Its critical value is 0.50, and
the AVE value of each variable in this study ranges from
0.651 to 0.807, indicating that the measure terms have
good convergent validity. Composite reliability (CR)

refers to the measure of the internal consistency in scale
items, and a CR value greater than 0.7 indicates a good
reliability of the factor (Cang & Wang, 2021). In this
study, the CR value of each variable is between 0.847
and 0.938, indicating that each measure item has good
reliability (Cang & Wang, 2021).

Discriminant validity refers to the degree of differ-
ence between the measure items of different variables,
which reflects the closeness between the measure item
and the corresponding variable (Cang & Wang, 2021).
To test discriminant validity, the correlation coefficient
matrix between the variables and the square root of the
AVE value of each variable should be calculated first.
If the square root of the AVE value of a variable is
greater than the correlation coefficient between it and
other variables, the variable has good discriminant
validity (Lu & Teng, 2013). The test results of discrimi-
nant validity are shown in Table 6. The square root of
the AVE value of each variable (boldface numbers on
the diagonal in Table 6) is larger than the correlation
coefficient between it and other variables (except
0.887), indicating that the measure items of the variable
have good discriminant validity on the whole (J. Wan
et al., 2019).

Table 4. Results of the Reliability Analysis.

Variables Cronbach’s a Measurement items Cronbach’s a after deletion of measurement items

Usefulness of big data products .923 V1 .903
V2 .861
V3 .903

Ease of use of big data products .875 V4 .835
V5 .833
V6 .801

Experience with big data products .712 V7 .595
V8 .578
V9 .556

V10 .582
V11 .576
V12 .910

Entrepreneurial performance .936 V13 .923
V14 .927
V15 .935
V16 .916
V17 .921
V18 .921

Entrepreneurial alertness .895 V19 .853
V20 .842
V21 .857

Dynamic capabilities .907 V22 .952
V23 .886
V24 .886
V25 .884
V26 .883
V27 .887
V28 .887
V29 .886
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Model Fit Evaluation

Before analyzing whether the relationship between vari-
ables conforms to the hypothesized relationship designed
in this paper, AMOS was used to measure the fit index of
the scale used. As shown in Table 7, all measured results
are in line with good reference standards. In general, the
hypothetical model proposed in this study fit the actual

observed data well, and the SEM had good fit validity
and external quality.

Testing of Theoretical Hypotheses

In this paper, AMOS is used to verify the hypothesis test
in the previous section. The path coefficients and their

Table 5. AVE and CR Analysis for Each Variable.

Variables Measurement items AVE CR

Usefulness of big data products V1 0.807 0.926
V2
V3

Ease of use of big data products V4 0.700 0.873
V5
V6

Experience with big data products V7 0.628 0.847
V8
V9

V10
V11
V12

Entrepreneurial performance V13 0.715 0.938
V14
V15
V16
V17
V18

Entrepreneurial alertness V19 0.742 0.896
V20
V21

Dynamic capabilities V22 0.651 0.932
V23
V24
V25
V26
V27
V28
V29

Table 6. Square Root of AVE Values and Correlation Coefficients for Variables.

Variables
Usefulness of
big data products

Ease of use of big
data products

Experience with big
data products

Entrepreneurial
alertness

Dynamic
capabilities

Entrepreneurial
performance

Usefulness of big
data products

.900

Ease of use of big
data products

.786 .840

Experience with big
data products

.735 .887 .790

Entrepreneurial
alertness

.558 .521 .491 .860

Dynamic capabilities .625 .633 .654 .848 .810
Entrepreneurial
performance

.483 .664 .700 .622 .763 .850
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significance levels are reported in Figure 4. The usefulness
and ease of use of and experience with big data products
are positively significant at the level of .001 on entrepre-
neurial alertness and dynamic capabilities (excluding expe-
rience with big data products on entrepreneurial alertness,
which is positively significant at the level of 0.01). H1, H2,
H3, H4, H5, and H6 are all verified. In addition, entrepre-
neurial alertness and dynamic capacity significantly and
positively affect e-commerce farmers’ entrepreneurial per-
formance at the levels of 0.01 and 0.001, respectively, with

the path coefficient of the former being 0.162 and the lat-
ter being 0.712. H7 and H8 are also verified.

Discussion

This paper makes two academic contributions to the lit-
erature as follows. First, it helps to expand the research
on farmers’ e-commerce entrepreneurship. The rise of
Taobao Village in China has aroused scholars’

Figure 4. Model test results.
**p\.01; ***p\.001.

Table 7. Model Fitness Test.

Fitness index Reference standard Results of actual measurements

CMIN/DF 1–3 is excellent, 3–5 is good 4.625
RMSEA \0.05 is excellent, \0.08 is good, \0.1 is acceptable 0.093
NFI .0.9 is excellent, .0.8 is good 0.862
RFI .0.9 is excellent, .0.8 is good 0.834
IFI .0.9 is excellent, .0.8 is good 0.888
TLI .0.9 is excellent, .0.8 is good 0.865
CFI .0.9 is excellent, .0.8 is good 0.888
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unprecedented research enthusiasm for farmers’ e-
commerce entrepreneurship. In the initial stage, many
studies focused on the drivers of farmers’ e-commerce
entrepreneurship and the socioeconomic effects of their
participation in it (Avgerou & Li, 2013; Couture et al.,
2021; Leong et al., 2016; Li, Guo, et al., 2021; M. Liu
et al., 2020; Luo & Niu, 2019; Ma et al., 2020; Qi et al.,
2019). Since then, with the changing competitive envi-
ronment of the e-commerce market, farmers’ e-
commerce entrepreneurship has begun to face various
challenges and constraints, especially those farmers with
low human capital (Guo et al., 2024; L. Li et al., 2024;
Shao, 2017; W. Tang & Zhu, 2020; Zeng, Guo, et al.,
2019). Scholars are now focusing more on how govern-
ments and industry associations can help improve the
sustainability of e-commerce farmers (Gao & Liu, 2020;
Jin et al., 2020; Qi et al., 2019; Zeng, Guo, et al., 2019).
We propose a new view on applying big data products to
research farmers’ e-commerce entrepreneurship and
expands the research framework of this new field as only
a few existing research reports and academic papers have
briefly addressed it (AliResearch, 2020; Guo et al., 2023;
L. Li et al., 2024). They describe only the basic status
quo of this new phenomenon, but the theoretical logic
behind it remains unexplored. The findings prove that
the impact of big data products is positive and effective.
Compared with governments and industry associations,
the role of big data products is more direct and continu-
ous. In other words, big data products are deeply
embedded in the daily operations. Thus, this study estab-
lishes the connection between big data and farmer entre-
preneurship. Farmer entrepreneurship research is an
important branch of development economics. The theory
of farmer entrepreneurship has long revealed the roles of
entrepreneurial alertness and dynamic capabilities on
improving entrepreneurial performance (Guo & Zhou,
2013). The empirical results of this paper support these
conclusions again. Simultaneously, the empirical results
show that compared with entrepreneurial alertness (path
coefficient=0.162, see Figure 4), dynamic capabilities
have a greater effect on entrepreneurial performance
(path coefficient=0.712, see Figure 4). Entrepreneurial
alertness is usually embodied as the identification of new
entrepreneurial opportunities, which is a relatively short-
term awareness process, while dynamic capability is
manifested as a long-term behavior throughout the entire
business process (Zhao et al., 2020). Therefore, dynamic
capabilities have a relatively large impact on entrepre-
neurial performance. Moreover, when entrepreneurial
opportunities are effectively identified, strong dynamic
capabilities are needed to fully transform them into sig-
nificant performance.

Second, this study expands the research of big data
products in rural areas. Evolving big data technologies

have brought new opportunities to develop farmers in
developing countries. Theoretically, by capturing and
mining massive data, farmers can improve agricultural
productivity (Lokers et al., 2016; Waga & Rabah, 2014).
However, in concrete practice, agricultural big data anal-
ysis has not yet achieved ideal results (Nandyala & Kim,
2016). Some scholars argue that at present, big data in
developing countries is small in scale and lacks diversity,
supply of effective infrastructure for collecting and ana-
lyzing big data, and professional human resources and
analysts (Rodriguez et al., 2017; Sawant et al., 2016).
Additionally, big data technologies will primarily benefit
highly educated large-scale farmers (Oluoch-Kosura,
2010). How to make farmers in developing world gener-
ally benefit from big data technology is a very critical
topic. Few studies exist on the factors influencing farm-
ers’ adoption of farm management information systems
(Carrer et al., 2017; Pivoto et al., 2018), the willingness
to share farm data with big data platforms (Turland &
Slade, 2020), and the use of remote sensing data to guide
the behavior and benefits of farm precision agriculture
production (Coble et al., 2018; Toscano et al., 2019).
Unlike the existing literature, we provide a new approach
on product attributes for big data applications in rural
developing world. Further, this paper creatively con-
structs a big data product attribute construct framework
with three dimensions of usefulness, ease of use, and
experience and expands the TAM. Perceived usefulness
and perceived ease of use are the hard core parts of the
TAM. However, this article argues that these two vari-
ables do not cover the entire perspective of product attri-
butes. Consumers still may not use the product, even if a
product is useful to users and easy to use, as they will
also consider the risk of use, the use of fun, the degree of
humanization of the product, and other factors. Thus, a
dimension should be introduced to the TAM that reflects
the product’s emotional value to the user. This paper
introduces the dimension of experience, making the
investigation of product attributes more comprehensive.
The perceived risk theory suggests that consumption
risks arise from unpredictable outcomes. When using
products, consumers might face unforeseen or undesir-
able circumstances that result in unsatisfactory experi-
ences or losses (Elkins et al., 2013). E-commerce farmers,
especially risk-averse ones, may not use big data prod-
ucts out of concerns about payment security, data accu-
racy, data timeliness, privacy security, and other aspects
(Zeng et al., 2024). The theory of perceived fit posits that
users’ adoption choices are heavily shaped by how well
they perceive a new technology to match their daily lives,
personal experiences, preferences, needs, and core values
(Oh & Yoon, 2014). Specific to big data products, e-
commerce farmers’ actual supply of big data products in
terms of the price level, fun, comprehensiveness, and
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humanized design will contrast with their own needs and
preferences, resulting in perceived compatibility, and ulti-
mately affecting their behavioral decisions on using such
products (Zeng et al., 2024). Big data products are rela-
tively fresh and cutting-edge things for any e-commerce
farmers, and they also need a learning process in which,
the usefulness of, ease of use of, and experience with big
data products are the foundation, driving force, and
guarantee, respectively, and are indispensable. From the
empirical results, the usefulness of big data products is
the most critical product attribute and plays the largest
role, reflecting their basic status (path coefficients=
0.404 and 0.340, see Figure 4). Moreover, ease of use has
less impact on entrepreneurial alertness and dynamic
capabilities than usefulness (path coefficients=0.186
and 0.198, see Figure 4), which is primarily because of
the younger e-commerce farmers. The younger genera-
tion of farmers has higher education and learning abil-
ities, which allow them to withstand greater technical
complexity. The experience of the product is also very
important, especially, because the marginal impact on
dynamic capabilities is very obvious (path coefficient=
0.407, see Figure 4). This highlights the need to incorpo-
rate the experience dimension into the TAM.

The practical value of this paper is to provide an
empirical basis for further promoting the combination of
big data and farmers. It suggests that we should always
adopt a dynamic vision of technology convergence to
view digital practices in developing countries. This paper
confirms that with the advent of digital age, the dividends
of big data are also spreading to farmers. The application
of big data will help promote the growth of farmer entre-
preneurship. With the continuous development of rural
e-commerce and big data analysis technologies, the appli-
cation of big data products will gradually enter the accel-
erated development stage, and the positive effect of big
data use will further emerge. Although the products men-
tioned in this article are only one type of application of
big data, it is not developed specifically for farmers and
agriculture. However, the theoretical analysis and empiri-
cal findings are also applicable to other types of big data
products. At present, China is beginning to establish big
data for the entire agricultural industrial chain, prioritiz-
ing several distinctive agricultural products such as pigs,
garlic, peanuts, and citrus. We firmly believe that the
positive impact of big data on farmer entrepreneurship
has good prospects for development.

From a policy perspective, the findings have impor-
tant implications for formulating relevant government
policies. Governments in the developing world should
take the initiative to improve the understanding of big
data, enhance support for e-commerce skills training in
big data applications, and subsidize low-income farmers
for using big data products. To establish rural public

databases, governments should prioritize improving their
data product attributes in a complete way. Governments
should stimulate the extensive participation of farmers in
the construction of agriculture-related databases, timely
feedback on the needs of farmers, and constantly pro-
mote the iterative upgrading of public database construc-
tion. As farmers in developing countries have low digital
literacy (B. Liu & Zhou, 2023; Magesa et al., 2023), big
data products should be designed to meet the character-
istics of digitally disadvantaged groups. At present, the
supply of digital terminals and services suitable for older
adults and people with disabilities cannot meet their
actual demand. Developing countries need to prioritize
exploring how to better serve rural older adults and vul-
nerable populations through straightforward digital
products.

Concluding Remarks

Conclusions

Based on constructing the analytical framework of big
data products from the view of product attributes and
combining it with the theory of farmer entrepreneurship,
this paper theoretically explains how big data products
improve e-commerce farmers’ entrepreneurial perfor-
mance. Then, this paper uses the questionnaire samples
of 418 e-commerce farmers from China, and the SEM
method to empirically examine the theoretical hypoth-
eses. The main conclusions we obtained are as follows:
(1) The e-commerce big data products have a significant
positive effect in improving e-commerce farmers’ entre-
preneurial performance. This provides micro-level expla-
nations and empirical evidence for new e-commerce big
data applications in rural China. (2) E-commerce big
data products improve e-commerce farmers’ entrepre-
neurial performance by improving their entrepreneurial
alertness and dynamic ability. That is, such products are
a special external cause that can enhance the inherent
ability of e-commerce farmers. It acts as sustainable
empowerment at the human capital level. (3) As for the
product attributes, big data products should have good
performance in the three dimensions of usefulness, ease
of use, and experience, which all have a significant posi-
tive impact on the entrepreneurial alertness and dynamic
capabilities of e-commerce farmers.

Limitations

This study has some limitations. First of all, the research
object is limited to e-commerce farmers in Zhejiang,
which is representative to a certain extent but also has its
own characteristics. An expanded geographical range of
the sample will certainly help to get more reliable conclu-
sions. Second, the sample size is not large enough. China
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is a populous country, and there is still much room for
the improvement of sample size. Finally, the research
methods should be expanded. In this paper, the SEM is
tested based on cross-section data. If a multi-year fol-
low-up survey can be conducted, a regression analysis of
causality based on panel data will further enhance the
rigor of the study.

Future Research

The application of big data products has undoubtedly
opened a new vision and space for the academic develop-
ment of rural e-commerce. Future studies should pay
attention to the new phenomenon in China regarding the
following aspects: First, in addition to product attributes,
we can also consider the specific behavioral characteristics
of e-commerce farmers, such as the use time, use fre-
quency, and expenditure amount of big data products.
Second, besides entrepreneurial performance, future scho-
lars can also consider the impact of big data products on
income inequality, happiness, resilience, and other aspects.
Third, future scholars should expand the scope of the
investigation area and collect large sample data and panel
data. Fourth, future scholars should use more rigorous
empirical methods such as DID, PSM-DID, and instru-
mental variable regression; however, there are many tech-
nical constraints to overcome in this process.

ORCID iD

Yiwu Zeng https://orcid.org/0000-0002-5970-3275

Ethical Considerations

The study was conducted in accordance with the Declaration of
Helsinki. The authors ensure that the research does not cause
any mental or physical harm to the respondent, and protect the
safety and rights of the respondent.

Consent to Participate

Informed consent was verbally obtained from all subjects
involved in the study.

Funding

The author(s) disclosed receipt of the following financial sup-
port for the research, authorship, and/or publication of this
article: This study was funded by the National Social Science
Fund of China (Grant No. 22AGL025).

Declaration of Conflicting Interests

The author(s) declared no potential conflicts of interest with
respect to the research, authorship, and/or publication of this

article.

Data Availability Statement

The data will be provided upon request to the corresponding
author.

References

AliResearch. (2020). The 1% change-2020 China Taobao village

research report.
Alqudah, H. M., Amran, N. A., & Hassan, H. (2019). Factors

affecting the internal auditors’ effectiveness in the Jordanian

public sector: The moderating effect of task complexity.

EuroMed Journal of Business, 14(3), 251–273. https://doi.

org/10.1108/EMJB-03-2019-0049
Anderson, E. W., Claes, F., & Donald, R. L. (1994). Consumer

satisfaction, market share, and profitability: Findings from

Sweden. Journal of Marketing, 58(3), 53–66.
Ardichvili, A., Cardozo, R., & Ray, S. (2003). A theory of

entrepreneurial opportunity identification and development.

Journal of Business Venturing, 18(1), 105–123. https://doi.

org/10.1016/S0883-9026(01)00068-4
Avgerou, C., & Li, B. (2013). Relational and institutional

embeddedness of web-enabled entrepreneurial networks:

Case studies of netrepreneurs in China. Information Systems

Journal, 23(4), 329–350. https://doi.org/10.1111/isj.12012
Bailey, D., Faraj, S., Hinds, P., von Krogh, G., & Leonardi, P.

(2019). Special issue of organization science: Emerging tech-

nologies and organizing. Organization Science, 30(3),

642–646.
Cai, J., Li, W., & Xia, X. (2023). E-commerce technology,

dynamic capabilities and smallholder farmers’ income gen-

eration. Journal of Northwest Agriculture and Forestry Uni-

versity (Social Science Edition), 23(5), 91–101. (in Chinese)
Cang, Y., & Wang, D. (2021). A comparative study on the

online shopping willingness of fresh agricultural products

between experienced consumers and potential consumers.

Sustainable Computing: Informatics and Systems, 30, Article

100493. https://doi.org/10.1016/j.suscom.2020.100493
Carrer, M. J., de Souza Filho, H. M., & Batalha, M. O. (2017).

Factors influencing the adoption of farm management infor-

mation systems (FMIS) by Brazilian citrus farmers. Comput-

ers and Electronics in Agriculture, 138, 11–19.
Chi, M., Plaza, A., Benediktsson, J. A., Sun, Z., Shen, J., &

Zhu, Y. (2016). Big data for remote Ssensing: Challenges

and opportunities. Proceedings of the IEEE, 104(11),

2207–2219.
Chien, S. Y., & Tsai, C. H. (2012). Dynamic capability, knowl-

edge, learning, and firm performance. Journal of Organiza-

tional Change Management, 25(3), 434–444. https://doi.org/

10.1108/09534811211228148.
Coble, K. H., Mishra, A. K., Ferrell, S., & Griffin, T. (2018).

Big data in agriculture: A challenge for the future. Applied

Economic Perspectives and Policy, 40(1), 79–96.
Cooper, A. C., & Artz, K. W. (1995). Determinations of satis-

faction for entrepreneurs. Journal of Business Venturing,

10(6), 439–457. https://doi.org/10.1016/0883-9026(95)0

0083-K.
Corner, P. D., & Wu, S. (2012). Dynamic capability emergence

in the venture creation process. International Small Business

16 SAGE Open

https://orcid.org/0000-0002-5970-3275
https://doi.org/10.1108/EMJB-03-2019-0049
https://doi.org/10.1108/EMJB-03-2019-0049
https://doi.org/10.1016/S0883-9026(01)00068-4
https://doi.org/10.1016/S0883-9026(01)00068-4
https://doi.org/10.1111/isj.12012
https://doi.org/10.1016/j.suscom.2020.100493
https://doi.org/10.1108/09534811211228148
https://doi.org/10.1108/09534811211228148
https://doi.org/10.1016/0883-9026(95)00083-K
https://doi.org/10.1016/0883-9026(95)00083-K


Journal: Researching Entrepreneurship, 30(2), 138–160.

https://doi.org/10.1177/0266242611431092.
Couture, V., Faber, B., Gu, Y., & Liu, L. (2021). Connecting

the countryside via e-commerce: Evidence from China.

American Economic Review, 3(1), 35–50. https://doi.org/10.

1257/aeri.20190382.
Davis, F. D. (1989). Perceived usefulness, perceived ease of use,

and user acceptance of information technology. MIS Quar-

terly, 13(3), 319–340. https://doi.org/10.2307/249008.
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ing and its effects on product perceptions and attitudes.

Journal of Marketing Research, 31(2), 263–270. https://doi.

org/10.1177/002224379403100209
Lee, P. Y., Joseph Li, C. S., & Wu, M. L. (2018). The roles of

cross-cultural adjustment and social capital formation in the

dynamic capabilities development of multi-unit organiza-

tions. Asia Pacific Management Review, 23(1), 20–29.

https://doi.org/10.1016/j.apmrv.2017.01.003

Zeng et al. 17

https://doi.org/10.1177/0266242611431092
https://doi.org/10.1257/aeri.20190382
https://doi.org/10.1257/aeri.20190382
https://doi.org/10.2307/249008
https://doi.org/10.1016/S0167-8116(03)00036-3
https://doi.org/10.1016/S0167-8116(03)00036-3
https://doi.org/10.2753/MIS0742-1222290409
https://doi.org/10.1023/A:1011132102464
https://doi.org/10.1023/A:1011132102464
https://doi.org/10.1111/grow.12436
https://doi.org/10.1111/grow.12436
https://doi.org/10.1257/jel.20171452
https://doi.org/10.1257/jel.20171452
https://doi.org/10.1108/EBR-11-2018-0203
https://doi.org/10.1108/EBR-11-2018-0203
https://doi.org/10.1111/joms.12639
https://doi.org/10.1002/smj.2247
https://doi.org/10.22434/IFAMR2019.0217
https://doi.org/10.22434/IFAMR2019.0217
https://doi.org/10.1016/j.chb.2016.12.025
https://doi.org/10.1016/j.chb.2016.12.025
https://doi.org/10.1287/mnsc.48.11.1502.265
https://doi.org/10.1016/j.jretconser.2020.102329
https://doi.org/10.1016/j.jretconser.2020.102329
https://doi.org/10.1287/isre.2013.0511
https://doi.org/10.1177/002224379403100209
https://doi.org/10.1177/002224379403100209
https://doi.org/10.1016/j.apmrv.2017.01.003


Lee, T. Y., & Bradlow, E. T. (2011). Automated marketing

research using online customer reviews. Journal of Market-

ing Research, 48(5), 881–894. https://doi.org/10.1509/jmkr.

48.5.881
Leong, C., Pan, S. L., Newell, S., & Cui, L. (2016). The emer-

gence of self-organizing e-commerce ecosystems in remote

villages of China: A tale of digital empowerment for rural

development. MIS Quarterly, 40(2), 475–484. https://doi.

org/10.25300/MISQ/2016/40.2.11
Li, H., Lv, L., Zuo, J., Bartsch, K., Wang, L., & Xia, Q. (2020).

Determinants of public satisfaction with an urban water

environment treatment PPP project in Xuchang, China. Sus-

tainable Cities and Society, 60, Article 102244. https://doi.

org/10.1016/j.scs.2020.102244
Li, H., Tian, Y., & Li, W. (2014). Internet thinking and tradi-

tional enterprise reengineering. China Industrial Economics,

10, 135–146. (in Chinese).
Li, L., Zeng, Y., Ye, Z., & Guo, H. (2021). E-commerce devel-

opment and urban-rural income gap: Evidence from Zhe-

jiang Province, China. Papers in Regional Science, 100(2),

475–494. https://doi.org/10.1111/pirs.12571
Li, L., Zheng, L., Zhang, Z., & Song, Y. (2024). How to trigger

and strengthen the positive impact of the Internet on the

income of farmers in the region? A case from China. Elec-

tronic Commerce Research, 24(2), 1407–1433.

Li, X., Guo, H., Jin, S., Ma, W., & Zeng, Y. (2021). Do farm-

ers gain Internet dividends from e-commerce adoption? Evi-

dence from China. Food Policy, 101, Article 102024. https://

doi.org/10.1016/j.foodpol.2021.102024
Lin, G., Xie, X., & Lv, Z. (2016). Taobao practices, everyday

life and emerging hybrid rurality in contemporary China.

Journal of Rural Studies, 47, 514–523. https://doi.org/10.

1016/j.jrurstud.2016.05.012
Lin, J., Wan, J., & Lu, Y. (2015). Analysis of factors influencing

consumer trust in fresh agricultural products e-commerce:

Taking fruits as an example. Business Economics and Man-

agement, 5, 5–15. (in Chinese).
Liu, B., & Zhou, J. (2023). Digital literacy, farmers’ income

increase and rural internal income gap. Sustainability,

15(14), Article 11422. https://doi.org/10.3390/su151411422
Liu, M., Zhang, Q., Gao, S., & Huang, J. (2020). The spatial

aggregation of rural e-commerce in China: An empirical

investigation into Taobao villages. Journal of Rural Stud-

ies, 80, 403–417. https://doi.org/10.1016/j.jrurstud.2020.

10.016
Lokers, R., Knapen, R., Janssen, S., van Randen, Y. V., & Jan-

sen, J. (2016). Analysis of big data technologies for use in

agro-environmental science. Environmental Modelling and

Software, 84, 494–504. https://doi.org/10.1016/j.envsoft.

2016.07.017
Lu, D., & Teng, J. (2013, June 28–30). Examining the influence

of interactivity in a self-service setting [Conference session].

2013 International Conference on Engineering, Management

Science and Innovation (ICEMSI), Macao, China. https://

doi.org/10.1109/ICEMSI.2013.6913991
Luo, X., & Niu, C. (2019). E-commerce participation and house-

hold income growth in Taobao villages. World Bank Policy

Research Working Papers.

Lutfi, A., Alsyouf, A., Almaiah, M. A., Alrawad, M., Abdo,

A. A. K., Al-Khasawneh, A. L., Ibrahim, N., & Saad, M.

(2022). Factors influencing the adoption of big data analy-

tics in the digital transformation era: Case study of Jorda-

nian SMEs. Sustainability, 14(3), Article 1802. https://doi.

org/10.3390/su14031802
Ma, W., Zhou, X., & Liu, M. (2020). What drives farmers’ will-

ingness to adopt e-commerce in rural China? The role of

Internet use. Agribusiness, 36(1), 159–163. https://doi.org/

10.1002/agr.21624
Magesa, M., Jonathan, J., & Urassa, J. (2023). Digital literacy

of smallholder farmers in Tanzania. Sustainability, 15(17),

Article 13149. https://doi.org/10.3390/su151713149
Markelova, H., Meinzen-Dick, R., Hellin, J., & Dohrn, S.

(2009). Collective action for smallholder market access.

Food Policy, 34(1), 1–7. https://doi.org/10.1016/j.foodpol.

2008.10.001
McDougall, P. P., Covin, J. G., Robinson, R. B., & Herron, L.

(1994). The effects of industry growth and strategic breadth

on new venture performance and strategy content. Strategic

Management Journal, 15(7), 537–554. https://doi.org/10.

1002/smj.4250150704
Mittal, V., & Kamakura, W. A. (2001). Satisfaction, repurchase

intent, and repurchase behavior: Investigating the moderat-

ing effect of customer characteristics. Journal of Marketing

Research, 38(1), 131–142. https://doi.org/10.1509/jmkr.38.1.

131.18832
Nandyala, C. S., & Kim, H. K. (2016). Big and meta data man-

agement for U-agriculture mobile services. International

Journal of Software Engineering & Application, 10(1),

257–270.
Oh, J., & Yoon, S. J. (2014). Validation of haptic enabling

technology acceptance model (HE-TAM): Integration of

IDT and TAM. Telematics and Informatics, 31(4), 585–596.

https://doi.org/10.1016/j.tele.2014.01.002
Oluoch-Kosura, W. (2010). Institutional innovations for small-

holder farmers’ competitiveness in Africa. African Journal of

Agricultural and Resource Economics, 5(1), 227–242.
Otsuka, K., & Sonobe, T. (2011). A cluster-based industrial

development policy for low-income countries [Policy research

working paper]. World Bank.
Pan, L. (2017). Research on tourists’ adoption behavior of mobile

tourism applications. Xiamen [Unpublished Doctoral Disser-

tation of Xiamen University]. (in Chinese).
Petersen, J. A., & Kumar, V. (2015). Perceived risk, product

returns, and optimal resource allocation: Evidence from a

field experiment. Journal of Marketing Research, 52(2),

268–285. https://doi.org/10.1509/jmr.14.0174
Pham, L. B., & Taylor, S. E. (1999). From thought to action:

Effects of process-versus outcome-based mental simulations on

performance. Personality and Social Psychology Bulletin, 25(2),

250–260. https://doi.org/10.1177/0146167299025002010
Piao, C., Wang, S., Wen, J., & Luo, Y. (2012). Mobile com-

merce trust model and its application for third party trust ser-

vice platform [Conference session]. 2012 IEEE 14th

International Conference on Commerce and Enterprise

Computing, Hangzhou, China. https://doi.org/ 10.1109/

CEC.2012.27.

18 SAGE Open

https://doi.org/10.1509/jmkr.48.5.881
https://doi.org/10.1509/jmkr.48.5.881
https://doi.org/10.25300/MISQ/2016/40.2.11
https://doi.org/10.25300/MISQ/2016/40.2.11
https://doi.org/10.1016/j.scs.2020.102244
https://doi.org/10.1016/j.scs.2020.102244
https://doi.org/10.1111/pirs.12571
https://doi.org/10.1016/j.foodpol.2021.102024
https://doi.org/10.1016/j.foodpol.2021.102024
https://doi.org/10.1016/j.jrurstud.2016.05.012
https://doi.org/10.1016/j.jrurstud.2016.05.012
https://doi.org/10.3390/su151411422
https://doi.org/10.1016/j.jrurstud.2020.10.016
https://doi.org/10.1016/j.jrurstud.2020.10.016
https://doi.org/10.1016/j.envsoft.2016.07.017
https://doi.org/10.1016/j.envsoft.2016.07.017
https://doi.org/10.1109/ICEMSI.2013.6913991
https://doi.org/10.1109/ICEMSI.2013.6913991
https://doi.org/10.3390/su14031802
https://doi.org/10.3390/su14031802
https://doi.org/10.1002/agr.21624
https://doi.org/10.1002/agr.21624
https://doi.org/10.3390/su151713149
https://doi.org/10.1016/j.foodpol.2008.10.001
https://doi.org/10.1016/j.foodpol.2008.10.001
https://doi.org/10.1002/smj.4250150704
https://doi.org/10.1002/smj.4250150704
https://doi.org/10.1509/jmkr.38.1.131.18832
https://doi.org/10.1509/jmkr.38.1.131.18832
https://doi.org/10.1016/j.tele.2014.01.002
https://doi.org/10.1509/jmr.14.0174
https://doi.org/10.1177/0146167299025002010
https://doi.org/


Pivoto, D., Barham, B., Dabdab, P., Zhang, D., & Talamin, E.

(2018). Factors influencing the adoption of smart farming

by Brazilian grain farmers. International Food and Agribusi-

ness Management Review, 22(4), 571–588.
Qi, J., Zheng, X., & Guo, H. (2019). The formation of Taobao

villages in China. China Economic Review, 53, 106–127.

https://doi.org/10.1016/j.chieco.2018.08.010
Rodriguez, D., de Voil, P., Rufino, M. C., Odendo, M., & van

Wijk, M. T. (2017). To mulch or to munch? Big modelling of

big data. Agricultural Systems, 153, 32–42. https://doi.org/

10.1016/j.agsy.2017.01.010
Roundy, P. T., Harrison, D. A., Khavul, S., Pérez-Nordtvedt,
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