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Abstract: The global supply chain has suffered an unprecedented impact Affected by multiple factors
such as anti-globalization, rising trade protectionism and the COVID-19 pandemic. Based on the
technology-organization-environment framework and resource-based theory, this study attempts
to explore and analyze what drives a firm’s willingness to adopt artificial intelligence technology
and how such willingess to adopt artificial intelligence technology may contribute to supply chain
resilience and supply chain performance. Using survey data collected from 318 firms in China, we
empirically test our arguments and hypotheses through the structural equation modeling approach.
The results suggest that the relative advantages of enterprise artificial intelligence technology, supply
chain collaboration, and environmental uncertainty are the three major factors affecting the adoption
of artificial intelligence technology, which subsequently provide a positive impact on supply chain
resilience and supply chain performance. This study expands the application field and scope of
artificial intelligence technology, fills the relatively large gap in the research on the behavior of
enterprise users adopting artificial intelligence technology in the supply chain field. This provides a
useful reference for enterprises to adopt artificial intelligence technology.

Keywords: artificial intelligence technology; supply chain resilience; supply chain performance;
environmental uncertainty; supply chain collaboration

1. Introduction

With the continuous development of economic globalization seen in the past few
decades, the world has formed a pattern of international industrial division of labor and
economic development that is interdependent in nature. This has led to the traditional price
competitiveness of emerging countries gradually weakening, as well. It is difficult to obtain
a competitive advantage in the global supply chain only by relying on low labor costs
and land costs. COVID-19 has ravaged the world for nearly three years, bringing a lot of
uncertainty to the global supply chain and disrupting the supply chain of global enterprises.
Global trade and investment have plummeted as they face challenges such as suppliers not
meeting delivery obligations, unpredictable customer demand, and panic buying. Using
the new technologies of the Fourth Industrial Revolution to enable enterprises to quickly
recover from supply chain risks and build supply chain resilience has become a common
scholarly concern [1–3].

Currently, scholars have different opinions on whether artificial intelligence technol-
ogy provides support for businesses and the economy. Some argue that artificial intelligence
technology is not a fix-all solution but nonetheless can change the business and global
economic landscape, providing advantages such as increasing productivity, reducing hu-
man error, helping companies to make timely and accurate decisions, predicting customer
preferences, and maximizing sales [4]. Following the positive impact of artificial intelli-
gence on improving business operations, service processes and improving productivity,
promoting the transformation of the manufacturing industry through artificial intelligence
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technology greatly reduces the number of employees and labor costs of enterprises, helping
enterprises to achieve sustainable development goals. The adoption of artificial intelli-
gence technology has become an inevitable choice for enterprises to ensure competitive
advantages [5–7]. For example, as one of the globally largest companies and leaders in the
global artificial intelligence industry, Alphabet, the parent company of Google, has invested
heavily in researching and developing artificial intelligence-oriented products and services,
including an autonomous self-driving technology development company called Waymo
and a general-purpose artificial intelligence technology development company named
DeepMind Technologies. At the same time, many Chinese firms are increasingly putting
focus and investing heavily on not only developing artificial intelligence technologies but
also integrating into artificial intelligence technologies into many facets of their business
practices. In particular, BAT (Baidu, Alibaba, and Tencent) are some of the key players
within artificial intelligence industry and are reshaping the industry landscape by applying
artificial intelligence technologies to their key businesses. Therefore, artificial intelligence is
a key technology of the fourth industrial revolution and has been applied to manufacturing,
services, and other fields given its capacity to solve various real-life problems.

In the supply chain management process, artificial intelligence technology has broad
prospects in helping enterprises to deal with order picking issues, customer relationship
management, demand planning and forecasting, procurement and supply management,
inventory control, and purchasing decisions [8–10]. Other scholars also argue that the
opportunities and risks of artificial intelligence technology coexist. Artificial intelligence
has an impact on the internal and external situations of any type of organization— internally,
it can make tasks faster, better, and at the lowest cost. Externally, it will affect the partners,
customers, competitors, and society, affecting both labor-intensive and knowledge-intensive
industries such as consulting, finance, and service services that are forced to undergo
significant changes due to its adoption.

Although the adoption of artificial intelligence technology has many benefits, there
also exist many risks when enterprises it. After its adoption, enterprises need to obtain
more competitive hardware or data to maintain a lasting competitive advantage, making
the competition between enterprises and competitors revolve around hardware and data.
The types of jobs undertaken by corporate employees will also change. Although artificial
intelligence is unlikely to completely replace human jobs, more tasks will be outsourced
to artificial intelligence, and corporate employees who cannot progress with artificial
intelligence technology will be laid off.

In terms of customers, most find it difficult to believe the advice given by the artificial
intelligence systems and it is also difficult to accept the use of their personal data in the
enterprise artificial intelligence system. Even the smartest artificial intelligence system
will routinely make very noticeable mistakes. Artificial intelligence systems are ultimately
controlled by humans, and should it remain this way, there may be a risk of deliberate
intrusion [11]. Some scholars are also worried that the adoption of artificial intelligence
technology will make various fields in business and economics face many challenges. Enter-
prises need to prepare for the severance payment of employees, calculate the depreciation
and amortization reserves of robots, and consider which part of the balance sheet will be
managed by human resources managers [12].

Given that artificial intelligence technology is only limited to a few regions in the
world, there will be an “AI gap” in the global economy, which will promote inequality in
the global social, economic, and cultural fields. Moreover, artificial intelligence is mainly
software, which is prone to loopholes remaining to be solved [4]. In summary, different
scholars have different opinions on artificial intelligence technology, and it is crucial to
clearly understand whether artificial intelligence technology can solve specific problems
such as supply chain resilience and supply chain performance through empirical analysis.

Hence, integrating the TOE framework (technology-organization-environment frame-
work) and the resource-based theory (RBT), the primary purpose of this study is to theorize
and empirically explore what drives the firms’ willingness to adopt artificial intelligence
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technology and how such willingness may explain the variation in the supply chain re-
silience and supply chain performance among the firms. This study provides new insights
into the strategic use of artificial intelligence technology in the supply chain management
by clearly clarifying the relationship between the willingness to adopt artificial intelligence
technology, and supply chain flexibility and supply chain performance improvement, and
thus fills important research gaps in the supply chain management literature.

In this study, we provide several contributions to understanding the forces driving
a firm’s willingness to adopt AI and how such a willingness to adopt AI may contribute
positively to the firm’s supply chain resilience and supply chain performance. First, we
theorize and empirically find that a stronger willingness of a firm to adopt AI is related
to AI technology, supply chain collaboration, and environmental uncertainty, suggesting
that the importance of the different forces driving the firm’s willingness to adopt AI has
important implications for the effectiveness of strategies aimed at improving supply chain
resilience and supply chain performance. Our findings provide the first empirical evidence
of the role of different forces in driving a firm’s willingness to adopt AI. Further, we argue
and empirically show how differences in the willingness to adopt AI may explain the
variation in supply chain resilience and supply chain performance. Therefore, we clarify
theoretically the positive effect of a firm’s willingness to adopt AI on the firm’s supply
chain resilience and supply chain performance, and thus provide novel insights into the
relationships between a firm’s willingness to adopt AI and the firm’s supply chain resilience
and supply chain performance. Finally, we clarify empirically the role of the willingness to
adopt AI in fully or partially mediating the effects of different forces on the firm’s supply
chain resilience or supply chain performance.

The rest of the study is organized as follows. We first review the relevant literature
and present our conceptual model and hypotheses. Then, we describe the data ad empirical
approaches. Third, we present the empirical results. Finally, we conclude by discussing the
findings and future research avenues in the final section.

2. Literature Review and Hypothesis Development

The TOE theoretical framework believes that the adoption of new technologies by
organizations is affected by technical, organizational, and external environmental factors.
Technical factors generally include existing technologies and technologies that have not
been cited in the market, mainly referring to the characteristics of new technologies them-
selves and the technical conditions of enterprises. Organizational factors generally include
organizational characteristics such as enterprise scale, senior management support, and
human resource status. These factors mainly come from external pressure and support for
adopting new technologies [13–16].

Resource-based theory holds that enterprises have different tangible and intangible
resources, and the heterogeneity of these resources determines the difference in the com-
petitiveness of enterprises. Only with scarce, irreplaceable, and non-replicable resources
can an enterprise gain a lasting competitive advantage [17–20]. Simultaneously, when the
enterprise has the unique advantages of specific resources, it also creates value [21]. As a
resource, digital technology helps enterprises to gain competitive advantages. The appli-
cation and innovation of digital technology based on the original tangible and intangible
resources of enterprises optimizes the allocation of enterprise resources [22].

Artificial intelligence technology is one of the main emerging technologies of the
Fourth Industrial Revolution. This study combines both the TOE and the RBT theories
to propose the model shown in Figure 1 below. Specifically, according to the TOE theory,
H1, H2, and H3 represent that artificial intelligence technology compatibility, supply
chain cooperation, and environmental uncertainty have a positive impact on enterprises’
adoption of artificial intelligence technology.
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2.1. Artificial Intelligence Technology Compatibility and Adoption Willingness

Artificial intelligence studies how to make machines do things, with categories such as
weak intelligence (Artificial Narrow Intelligence or ANI), strong intelligence (Artificial Gen-
eral Intelligence or AGI), and super intelligence (Artificial Super Intelligence or ASI). Weak
intelligence can only perform a specific task, strong intelligence has the same intelligence
as humans and can complete any governance tasks that humans can do and can think, plan,
and solve problems, while super intelligence is intelligence that far surpasses human beings
in scientific research, overall cognitive abilities, and social skills [23]. According to the TOE
theory, technical factors mainly refer to the characteristics of new technologies themselves.
These include the basic technical conditions of enterprises, such as the technical infras-
tructure, technical capabilities, comparative advantages, and compatibility of technologies
adopted by enterprises. Although artificial intelligence technologies have great potential,
if they are incompatible with the current operating system of enterprises or bring great
inconvenience in the implementation process, enterprises may instead delay or even refuse
to adopt them [24]. In sum, artificial intelligence technology itself will have a positive
impact on the adoption of artificial intelligence technology by enterprises. Accordingly, the
following assumptions are proposed herein:

Hypothesis 1: There is a positive relationship between the compatibility of artificial intelligence
technology and a firm’s adoption of artificial intelligence technology.

2.2. Supply Chain Collaboration and Willingness to Adopt

Supply chain collaboration is a partnership where enterprises share information,
resources, and risks together, maximize the value of cooperation, and create more benefits
than independent actions [25]. This means that enterprises in the supply chain make the
supply chain operate normally through coordination and cooperation: when there is a
sudden change in the supply-demand relationship, upstream and downstream enterprises
in the supply chain need to coordinate business activities through cooperation and integrate
the information and resources of each enterprise. Here, artificial intelligence technology
is crucial: it reduces the information and cognitive overload caused by a large amount
of data, turns data into usable information, and helps enterprises to control supply chain
risks [26]. Hence, when enterprises in the supply chain want to strengthen collaboration,
their willingness to adopt artificial intelligence technology may become stronger. Based on
this, this study proposes the following hypothesis:

Hypothesis 2: There is a positive relationship between supply chain collaboration and a firm’s
adoption of artificial intelligence technology.



Sustainability 2022, 14, 16836 5 of 16

2.3. Environmental Uncertainty and Willingness to Adopt

According to the TOE theory, environmental factors are external pressure and support
that affect the technology adoption of enterprises, mainly referring to the external envi-
ronmental factors that affect the organization’s adoption of new technologies and have a
positive impact on the willingness to adopt technologies [14–16,26–29]. This result has been
verified in many fields. Environmental uncertainty is the uncertainty caused by changes in
the external environment. In the context of increased environmental uncertainty, companies
believe that adopting new technologies faster than competitors ensure they maintain a com-
petitive advantage and play an important role in supply chain integration and operational
performance [30]. It can therefore be expected that environmental uncertainty will have
a positive impact on the adoption of artificial intelligence technology. Hence, this study
proposes the following hypothesis:

Hypothesis 3: There is a positive relationship between environmental uncertainty and a firm’s
adoption of artificial intelligence technology.

2.4. Willingness to Adopt and Supply Chain Resilience

Supply chain resilience is an active and passive strategy for companies to deal with
supply chain turbulence [31]. The purpose of companies building resilient supply chains
is to quickly recover from supply chain disruptions, are insensitive to disruptions and
can ensure continuous and timely delivery of enterprise products and services to end
customers [32]. When disruptive emergencies lead to changes in supply and demand,
companies often need to collect large amounts of data from customers and suppliers
and extract useful information from them. As an information processing tool, artificial
intelligence helps to analyze rich data, and the AI-led innovative decision-making also helps
to improve supply chain resilience [33–35]. It can therefore be expected that once enterprises
adopt artificial intelligence technology, there will be a positive impact on building supply
chain resilience. Based on this, this study proposes the following hypothesis:

Hypothesis 4: There is a positive relationship between a firm’s adoption of artificial intelligence
technology and the firm’s supply chain resilience.

2.5. Willingness to Adopt and Supply Chain Performance

On between artificial intelligence and supply chain, according to previous literature,
the use of artificial intelligence technology improves the relationship between partners and
customers in the supply chain, and significantly improves the operational performance of
enterprises [36,37]. Applying artificial intelligence technology causes the supply chain to
jointly make price decisions and forecast demand reduce the economic loss caused by “out
of stock” by more than 56% [38]. The application of artificial intelligence in product inspec-
tion improves the effect of product inspection and its use on personalized recommendation
systems for digital publicity can improve the return on advertising investment. Its use on
customer relationship management also enhances customer experience and bring closer
distance from customers [36].

Supply chain performance is the efficiency of an enterprise’s supply chain operation,
reflecting the extent to which the supply chain reduces costs and meets the needs of
end customers [39]. Given that artificial intelligence technology has broad prospects in
enterprises dealing with issues such as order picking problems, customer relationship
management, demand planning and forecasting, procurement and supply management,
inventory control, and purchasing or purchasing decisions [8]. The adoption of artificial
intelligence technology by enterprises is therefore expected to have a positive impact on
the performance of the supply chain. Hence, the following hypothesis is proposed herein:

Hypothesis 5: There is a positive relationship between a firm’s adoption of artificial intelligence
technology and the firm’s supply chain performance.
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3. Methodology
3.1. Sampling and Data Collection

To empirically examine our proposed hypotheses, we collected data on a sample of
firms in China through a survey approach. China is a suitable setting to examine what
motivates firms to be more willing to adopt AI and how such willingness may explain the
variation in supply chain resilience and supply chain performance among firms.

With successful technological innovation and investment, as well as policy support
for developing emerging intelligent technologies, China is now rapidly emerging as the
globally leading economy in filing artificial intelligence (AI) patents and applying the
latest AI technologies to boost economic growth and transform businesses. According to
a report released by Stanford University, China applied more than half of all the world’s
AI patents and the AI journal papers and AI citations produced by Chinese researchers
in 2021 accounted for approximately one-third in the world, while US researchers only
contributed 12 percent in the same period. China is therefore making great contributions to
global AI. Furthermore, the Chinese government is making continued efforts to support
and promote AI innovation and the growth of AI-related industries by legislating new
supportive enabling policies. For example, the Chinese government had launched a plan
to support and promote the development of new AI technologies, aiming at making the
AI industry a major new growth engine and become the pioneer in leading global AI
innovation in the coming decades.

Moreover, China is becoming a pioneer in leading the world’s investment in the
global AI industry since 2014. For example, the country achieved the fastest growth of
investment in AI startups by attracting $17 billion for AI startups in 2021 [40]. Last, AI
applications have been widely adopted in China to promote industrial upgrading and
business transformation. It is expected that AI technologies will be further adopted in the
coming decade in more sectors such as automotives, manufacturing, transportation and
logistics, and healthcare, allowing tremendous opportunities for AI growth [41]. According
to forecasts made by McKinsey, the new opportunities for the next wave of AI growth in
China are expected to create an annual economic value of upward of 600 billion USD for
the country, which is almost equivalent to the GDP of Shanghai in 2021 (4.32 trillion RMB
or approximately 638 billion USD) [40].

A survey was employed to extract data in two major regions: Shanghai and Beijing.
According to the report released by Daxue Consulting, these two regions represent the
center of innovative AI development in China [42]. It is estimated that more than 28,000
and 17,000 high-tech firms are operating in Beijing and Shanghai, respectively. The ques-
tionnaire used for the study was developed by following a careful preparation process:
first, we developed a English version of a questionnaire and had it translated into Chi-
nese through two independent bilingual translators. We also back-translated the Chinese
version of questionnaire into English through two additional independent translators to
ensure conceptual accuracy [43]. Six in-depth online interviews were conducted online
with managers of Chinese firms that are actively engaging in developing AI technologies
or adopting AI in their businesses to check for the content and validity of the measures.

A pre-test on the questionnaire with 20 managers from Chinese firms before formally
administering the survey, which further modified the questionnaire to improve the clarity
of the measurement. Since prior research has suggested the importance of developing a
good relationship and trust with respondents to improve their participation and ensure
high-quality response [44], we collected the data by hiring a research company known for
its success in collecting high-quality data in the local Chinese market. Ultimately, a total of
329 questionnaires were received. After excluding 11 with incomplete responses, a total of
318 usable questionnaires for the final data analysis were utilized. Of the 318 firms, most
(69.5%) had less than 500 employees, and 72.6% had been established less than 20 years.
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3.2. Bias Testing

To check for the possibility of nonresponsive bias in our data, we compared the
differences between responding and nonresponding firms as well as the early-responding
and late-responding firms in key firm characteristics (e.g., firm sales, number of employees,
and age) [45], with results suggesting that there was no statistically significant difference
between the respective groups of firms. Therefore, response bias is less likely to arise in the
data [45].

Moreover, we also checked for the presence of potential common method variance
(CMV) that may arise in self-reported survey data. However, CMV may be less likely to
arise in our study due to the following reasons: first, we ensured all respondents of the
anonymity and confidentiality of their responses in the cover letter accompanying each
questionnaire. The respondents were informed that there were no right nor wrong answers
to the questions included in the questionnaire and that their responses would only be used
for academic research. Second, we carefully structured the questionnaire by including the
items in several subsections using different formats. Particularly, by randomizing the order
of the items included in the questionnaire using a unique survey software, which is expected
to mitigate the possible presence of a simple “straight line” pattern of response [46,47]. Last,
following the recommendation of Podsakoff, MacKenzie, Lee, and Podsakoff (2003) [48], we
checked for the potential occurrence of CMV by performing Harman’s one-factor analysis.
Then, we conducted exploratory factor analysis by entering all the variables of interest in
the study into a nonrotated factor analysis. The results of the one-factor analysis provided
no evidence that a general factor is apparent in the unrotated factor structure and accounted
for a majority of the variance, again suggesting that CMV is less likely to arise in the data.

3.3. Variables and Measurement

All the dependent and independent variables were measured using multiple-item,
seven-point Likert scales (“strongly disagree” = 1, “strongly agree” = 7). To measure supply
chain resilience, ten items from prior studies were adopted [49,50]. Following Alshamaila,
Papagiannidis, and Li (2013) [51], we measured firm willingness to adopt AI using four
items. Following Rogers (2003) [52], we captured the degree of AI technology’s relative
advantage using six items, which were derived from related prior studies (e.g., Agarwal
and Prasad, 1997; Kurnia et al., 2015; Papastathopoulou, Avlonitis, and Panagopoulos,
2007) [53–55] and appropriately modified to meet the purpose of this study. Relative ad-
vantage assesses the degree to which AI technology is perceived as superior to existing
technologies. Following prior studies (e.g., Zaridis, Vlachos, and Bourlakis, 2020) [56], five
items were used to capture the degree of supply chain collaboration. Seven items from
Sreedevi and Saranga (2017) [57] and Wong, Lai, Shang, and Lu (2014) [58] were used to
measure the degree of environmental uncertainty, we adopted. In addition, we also incorpo-
rated several control variables into the analysis: firm size measured as the natural logarithm
of the total number of employees in a firm, firm age operationalized as the number of years
from firm establishment, and an industry dummy variable (1 = industrial firms, 0 = others).

4. Analyses and Results

Partial least squares (PLS) structural equation modeling (SEM) as employed to em-
pirically test our hypotheses [59,60]. Before testing our hypotheses, we first assessed the
reliability and validity of the constructs by checking the measurement model.

4.1. Measurement Reliability and Validity

We present the results of the measurement model assessment in Table 1, which reports
the means, standard deviations, factor loadings, construct reliabilities, and the average
variances extracted (AVEs). Following the abovementioned, since all the items used in
the study to measure respective constructs were well-established and derived from the
literature, all measures demonstrate strong evidence of reliability and validity. Following
Table 1, both the Cronbach’s alpha values and composite reliabilities of all constructs
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are greater than 0.80, exceeding the threshold of 0.70 [61,62], thereby providing strong
evidence of internal reliability. Moreover, factor loading of all constructs are greater than
0.70, suggesting that the measurement model is strongly reliable [63,64].

Table 1. Descriptive statistics and assessments of the construct reliability and validity.

Construct and Indicators Mean STD SFL

AI technology advantage (PT: AVE = 0.597, alpha = 0.866, CR = 0.899)
The use of artificial intelligence technology can improve enterprise risk control capabilities. 5.868 0.782 0.782
The use of artificial intelligence technology will reduce the operating costs of the entire enterprise. 5.909 0.821 0.768
The use of artificial intelligence technology will improve the IT technical service capabilities of enterprises. 5.921 0.763 0.778
The use of artificial intelligence technology will improve the input-output ratio of enterprises to IT. 5.799 0.721 0.756
The company has a comparative advantage in leveraging artificial intelligence technology. 5.846 0.838 0.776
Adopting AI technology can give companies a competitive advantage. 5.903 0.793 0.777

Supply chain collaboration (SCC: AVE = 0.605, alpha = 0.837, CR = 0.885)
The company has access to the information systems of other companies in the supply chain. 5.572 0.984 0.771
Collaboration between supply chain companies to improve production processes. 5.755 0.863 0.786
Cooperation between supply chain enterprises to obtain supply in an economical way. 5.780 0.840 0.788
Cooperation between supply chain enterprises to improve competitiveness. 5.849 0.953 0.779
Co-pricing products between supply chain companies. 5.626 0.905 0.767

Environmental uncertainty (EU: AVE = 0.590, alpha = 0.884, CR = 0.910)
The global business environment is full of challenges. 6.091 0.884 0.82
The changing global business environment. 5.836 0.951 0.765
The global business environment offers many opportunities for change. 5.903 0.897 0.783
Customer demand fluctuates wildly over and over again. 5.761 0.812 0.759
The product mix produced by the company changes dramatically over and over again. 5.814 0.862 0.752
Supply requirements change every week. 5.887 0.858 0.765
The company’s products need a lot of technical transformation. 5.881 0.804 0.729

Willingness to adopt AI (WTA: AVE = 0.645, alpha = 0.871, CR = 0.879)
The company is willing to experiment with artificial intelligence technology. 6.116 0.895 0.827
The company plans to adopt artificial intelligence technology soon. 5.78 0.922 0.793
The company has adopted artificial intelligence technology. 5.827 0.816 0.788
The company is expected to adopt artificial intelligence technology in the future. 5.906 0.923 0.804

Supply chain resilience (SCR: AVE = 0.554, alpha = 0.911, CR = 0.925)
The company has the ability to quickly restore the flow of materials. 5.695 1.008 0.749
The company has the ability to quickly resume operations. 5.796 0.974 0.756
Enterprise supply chains are recovering quickly. 5.682 0.998 0.75
Enterprise supply chains can quickly return to normal. 5.748 0.914 0.73
The company can flexibly deal with interference problems. 5.758 0.919 0.742
The Company Can Respond Quickly to Disruptions. 5.591 0.943 0.735
The company can take adequate measures to deal with the crisis. 5.824 0.915 0.77
The company has a response team to alleviate the crisis. 5.934 0.928 0.732
The company can reduce the impact of losses through our ability to deal with the crisis. 5.789 0.909 0.734
The company can recover from the crisis at a lower cost. 5.528 0.977 0.744

Supply chain performance (SCP: AVE = 0.590, alpha = 0.913, CR = 0.928)
Suppliers deliver materials, components, products on time. 5.821 0.814 0.788
Suppliers provide safe and reliable materials, components, and products. 5.959 0.848 0.749
Suppliers provide materials, components, products at the lowest cost. 5.918 0.854 0.763
The quantity required is supplied on order. 5.947 0.789 0.763
Enterprise Supply Chain Improves Efficiency. 5.915 0.881 0.755
Enterprise supply chains become more stable. 5.874 0.906 0.757
Over the past three years, enterprise supply chains have been optimized. 5.947 0.858 0.768
Corporate supply chains improve customer satisfaction. 6.028 0.837 0.775
The delivery speed and time of the enterprise supply chain is shortened. 5.884 0.855 0.792

Note: SFL = standardized factor loading, AVE = average variance extracted, CR = composite reliability,
STD = standard deviation.

To assess convergent validity, AVE values for the constructs were calculated for the
constructs. Results exhibit that the AVE values of all constructs are much higher than
the threshold of 0.50, suggesting that the measures used in the study showed adequate
convergent validity and reliability [61]. Furthermore, to assess discriminant validity of
measures, we compared the square root of AVE of each construct and correlation between
the construct and other constructs in the model. The results shown in Table 2 indicate that
the square root of AVE of each construct is indeed much higher than the correlation between
the construct and other constructs in the models, illustrating an adequate discriminant
validity of the measures [61].
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Table 2. Correlations and discriminant validity among the constructs.

Constructs 1 2 3 4 5 6

1. AI technology advantage 0.773
2. Supply chain collaboration 0.333 0.778
3. Environment Uncertainty 0.323 0.277 0.768
4. Willingness to adopt AI 0.335 0.396 0.33 0.803
5. Supply chain Resilience 0.363 0.505 0.433 0.462 0.744
6. Supply chain performance 0.279 0.437 0.364 0.457 0.564 0.768

Note: Values in italicized bold denote the square root of the AVE of each construct.

To further assess the discriminant validity of the measures, we also compared the
loading values of each single indicator with the cross-loadings of other indicators where
results exhibit that each indicator loading is higher than the respective cross loadings,
thereby suggesting the measures used in the study have adequate discriminant validity.
Moreover, we checked for the heterotrait-monotrait ratio (HTMT) of the correlations [65],
where the results show that the values of all HTMT correlations are well below 0.85,
providing strong evidence of adequate discriminant validity for all constructs in the model.
Last, following prior studies [66,67], we used Stone–Geisser’s Q2 to verify the predictive
validity of the latent constructs in the model. Results indicate that the values of cross-
validated communality and redundancy are higher than zero, providing strong evidence
of adequate predictive validity in the model [63,68]. Overall, all the constructs and their
respective indicators demonstrate strong evidence of both adequate reliability and validity
in the study.

4.2. Hypothesis Testing

After checking for the reliability and validity of all constructs by performing a mea-
surement model, we empirically tested our hypotheses and reported the subsequent results
in Figure 2. Following Chin’s recommendation [63], we examined the coefficient of deter-
mination R2 and the path coefficient with their respective p-values. As shown in Figure 2,
the R2 values for the three endogenous variables (e.g., supply chain resilience, supply chain
performance, and willingness to adopt AI) demonstrate satisfactory explanatory power for
our model (0.236–0.404). Overall, the results reported in Figure 2 are consistent with our
proposed hypotheses. Specifically, the results show a significant positive relationship be-
tween AI technology advantage (b = 0.178, p < 0.01), supply chain collaboration (b = 0.283,
p < 0.001), environmental uncertainty (b = 0.195, p < 0.01), and the willingness to adopt AI.
Therefore, the results provide strong support for Hypotheses 1–3. As noted in Figure 2, we
also find strong evidence of a positive and statistically significant relationship between the
willingness to adopt AI and supply chain resilience (b = 0.223, p < 0.01) and supply chain
performance (b = 0.272, p < 0.001). Therefore, we find strong support for Hypotheses 4–5.
Overall, all the hypotheses proposed in our theoretical framework are strongly supported.

Furthermore, while examining the potential role of the willingness to adopt AI in
mediating the effect of AI technology advantage, supply chain collaboration, and environ-
mental uncertainty on supply chain resilience and supply chain performance, respectively,
seems beyond the scope of our study, we examined the mediating role of the willingness to
adopt AI aiming at offering more insightful implications both for researchers and business
practitioners. Following Zhao et al.’s (2010) [69] approach, we tested the mediating effect
and summarized the results of mediating effect assessment in Figure 2 and Table 3.
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Table 3. Results of structural model assessment for direct and indirect effects.

Indirect Effect Estimate p-Values

Direct effects
AI technology advantages→Willingness to adopt AI 0.178 **
Supply chain collaboration→Willingness to adopt AI 0.283 ***
Environmental uncertainty→Willingness to adopt AI 0.195 **
AI technology advantages→ Supply chain resilience 0.107 *
Supply chain collaboration→ Supply chain resilience 0.315 ***
Environmental uncertainty→ Supply chain resilience 0.238 **
AI technology advantages→ Supply chain performance 0.044 n.s.
Supply chain collaboration→ Supply chain performance 0.248 ***
Environmental uncertainty→ Supply chain performance 0.187 *
Willingness to adopt AI→ Supply chain resilience 0.223 **
Willingness to adopt AI→ Supply chain performance 0.272 ***

Indirect effects
AI technology advantages→Willingness to adopt AI→ Supply chain resilience 0.040 *
Supply chain collaboration→Willingness to adopt AI→ Supply chain resilience 0.063 **
Environmental uncertainty→Willingness to adopt AI→ Supply chain resilience 0.043 *
AI technology advantages→Willingness to adopt AI→ Supply chain performance 0.048 *
Supply chain collaboration→Willingness to adopt AI→ Supply chain performance 0.077 **
Environmental uncertainty→Willingness to adopt AI→ Supply chain performance 0.053 **

Note: * p < 0.05, ** p < 0.01, *** p < 0.001; n.s. = nonsignificant.

First, as shown in Table 3, the indirect effects of AI technology advantage (SCR:
b = 0.040, p < 0.05; SCP: b = 0.048, p < 0.05), supply chain collaboration (SCR: b = 0.063,
p < 0.01; SCP: b = 0.077, p < 0.01), and environmental uncertainty (SCR: b = 0.043, p < 0.05;
SCP: b = 0.053, p < 0.01) on supply chain resilience and supply chain performance are all
positive and statistically significant (a × b).

Second, while we did not find a significant direct effect of AI technology advantage on
supply chain performance (b = 0.044, n.s.), we found positive and statistically significant
direct effects of supply chain collaboration (SCR: b = 0.315, p < 0.001; SCP: b = 0.248,
p < 0.001) and environmental uncertainty (SCR: b = 0.238, p < 0.01; SCP: b = 0.187, p < 0.05)
on both supply chain resilience and supply chain performance (c), respectively, and a
positive and statistically direct effect of AI technology advantage on supply chain resilience
(b = 0.107, p < 0.05).



Sustainability 2022, 14, 16836 11 of 16

Third, following Table 3, both the positive and statistically significant effects are in
the same direction (a × b × c). Since the mediating effect of AI technology advantage on
supply chain performance is positive and significant, and its respective direct effect (path
c) is positive but insignificant, we therefore only found an indirect mediation role of the
willingness to adopt AI in the relationship between AI technology advantage and supply
chain performance. Moreover, since the mediated effects of supply chain collaboration and
environmental uncertainty on supply chain performance are both positive and statistically
significant and their direct effects on supply chain performance are likewise, we thus found
a complementary mediation role of the willingness to adopt AI in the relationships between
supply chain collaboration and environmental uncertainty, and supply chain performance.

Additionally, since the mediated effects of AI technology advantage, supply chain
collaboration, and environmental uncertainty on supply chain resilience are all positive
and statistically significant and all their direct effects on supply chain resilience are all
positive and statistically significant, we also found a complementary mediation role of
the willingness to adopt AI in the relationships between AI technology advantage, supply
chain collaboration, environmental uncertainty, and supply chain resilience. Overall, our
results of the mediation assessments demonstrate that while the willingness to adopt AI
plays an important role in fully mediating the effect of AI technology advantage on supply
chain performance, it only partially mediates the effects of supply chain collaboration and
environmental uncertainty on supply chain performance. Simultaneously, the willingness
to adopt AI was found to partially mediate the effects of AI technology advantage, sup-
ply chain collaboration, and environmental uncertainty on supply chain resilience. The
following section discusses these results and their implications.

5. Discussion and Conclusions
5.1. Theoretical and Practical Implications

During increased environmental uncertainty, such as the COVID-19 pandemic and the
subsequent restructuring of global supply chains, companies are both eager and reluctant
to take advantage of the new technologies of the Fourth Industrial Revolution to improve
supply chain resilience and supply chain performance. To enhance the confidence of more
enterprises in adopting artificial intelligence technology, guide enterprise users to use
artificial intelligence technology in a scientific and standardized manner and promote the
virtuous circle development of artificial intelligence industry.

Based on TOE theory and resource-based theory, this study conducts an in-depth
exploration on the different impacts of enterprise users’ adoption of artificial intelligence
technology on supply chain elasticity and supply chain performance, expands the applica-
tion field and scope of artificial intelligence technology, and fills the gap in the literature on
enterprise users’ adoption of artificial intelligence technology in the supply chain field. The
study takes the technical, organizational and environmental factors in the TOE framework
as the three major influencing factors for the adoption of artificial intelligence technology,
further expanding the application field and adaptation scope of the TOE framework, al-
lowing for better understanding of the adoption behavior of enterprise users in adopting
artificial intelligence technology from the dimensions of artificial intelligence technology,
supply chain collaboration, and environmental uncertainty.

Meanwhile, through the empirical analysis of 318 enterprises, this study also confirms
that the adoption of artificial intelligence technology by enterprises positively impacts the
elasticity and performance of the supply chain, also verifying that the adoption of new
technology by enterprises can give them sustainable competitive advantage, providing
new ideas and bases for the follow-up research on the adoption of artificial intelligence
technology. This study is expected to provide valuable suggestions for enterprises to build
a resilient supply chain and improve supply chain performance. The specific research
conclusions and inspirations are as follows:

In influencing the adoption of artificial intelligence technology, artificial intelligence
technology itself has primarily played a positive role in promoting enterprises’ willingness
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to adopt artificial intelligence technology. Previous literature emphasized that artificial
intelligence technology can change the business and global economic landscape [4], ensure
competitive advantages [5], and reduce economic losses caused by “out of stock” [38]. This
study extends this thought and proves that once enterprises have artificial intelligence
technology infrastructure and technical capabilities, they tend to adopt artificial intelligence
technology with the relative advantages and compatibility of artificial intelligence tech-
nology. Results suggest that before considering adopting artificial intelligence technology,
enterprises should first promote the construction of artificial intelligence infrastructure and
improve their ability to use artificial intelligence technology and fully consider whether
the enterprise’s artificial intelligence technology is compatible with the technical system,
development strategy, IT capabilities, etc., to allow more enterprises to adopt artificial
intelligence technology.

Second, this study found that supply chain collaboration has a positive impact on
the willingness to adopt a supply chain. Since the relationship between enterprises in
the supply chain is relatively loose, the upstream and downstream enterprises in the
supply chain need to coordinate business activities through cooperation to integrate the
information and resources of each enterprise, thus forming a supply chain collaboration [25].
As an information processing tool, artificial intelligence technology can reduce the problem
of information and cognitive overload caused by a large amount of data and turn said data
into useful information for enterprises [26]. This study empirically verifies that enterprises
are more willing to adopt artificial intelligence technology if they want to strengthen supply
chain collaboration.

Finally, this study found that environmental uncertainty has a positive impact on the
willingness to adopt artificial intelligence technology. Coinciding with previous research
results, external pressure and policy support will affect organizations’ willingness to adopt
new technologies [14–16,26–29]. Opportunities and challenges coexist in the global business
environment, and supply and demand relations and economic policies of various countries
change at any time. Under the circumstance of increasing environmental uncertainty,
enterprises are more willing to adopt artificial intelligence technology faster than their
competitors. More enterprises realize that the active adoption of artificial intelligence
technology is an inevitable choice for development and prioritizing artificial intelligence
technology will allow them to benefit from it. In sum, if enterprises want to boost the
development of artificial intelligence technology, they should accelerate the implementation
of artificial intelligence from three aspects: artificial intelligence technology itself, supply
chain cooperation, and environmental uncertainty.

For the impact of artificial intelligence technology adoption, the results of this study
show that the willingness to adopt artificial intelligence technology has a positive impact
on supply chain resilience and supply chain performance. Paralleling results from pre-
vious literature, the adoption of artificial intelligence technology improves supply chain
resilience [33]. Through empirical analysis, the positive impact of artificial intelligence tech-
nology on building an elastic supply chain has been reconfirmed. Although emergencies
such as the COVID-19 have disrupted the global supply chain, enterprises must rely on
artificial intelligence technology to make the operation mode more dynamic and responsive,
connect with the external ecosystem and internal processes, improve the adaptability, and
transform the entire supply chain in an elastic state if they want to restore the supply chain
to its original state.

Second, this study also found that the adoption of artificial intelligence technology has
a positive impact on supply chain performance. Previous literature has emphasized that
the adoption of artificial intelligence technology improves the operational performance
of enterprises [36,37]. Through empirical analysis, this study found that the adoption of
artificial intelligence technology helps suppliers to provide the required materials, compo-
nents, and products on time, improve the operational efficiency of the supply chain, and
promote the supply chain to become more stable and optimized. Although the adoption of
artificial intelligence technology is challenging, enterprises generally recognize the role of
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artificial intelligence technology in building supply chain resilience and improving supply
chain performance.

5.2. Limitations and Future Research Avenues

Four limitations are noticed in this study. First, due to limits in time, costs, and
resources, this research only investigated enterprises in the Chinese market. Because the
artificial intelligence technology infrastructure and technical capabilities of enterprises in
different countries are different, the external pressure and support for adopting artificial
intelligence technology are also different, and the causes and consequences of adoption
intentions are likewise different. In the future, it is necessary to expand the research object
to more countries and regions to improve the universality of this research result. Second,
we empirically tested our arguments using survey data collected from firms operating
in Beijing and Shanghai, the two largest, most important regions in China. However,
the economic, industry and institutional environments may vary significantly across the
subnational regions of a large emerging economy, such as China, our focus on firms
operating in Beijing and Shanghai, may limit the generalizability of our findings to firms
operating in other regions within China. Future research is thus encouraged to investigate
whether the findings of our study vary among the different regions within China in which
the firms operate. Second, the response rate of questionnaires for corporate users is low
compared to surveys for individual users. During the investigation, many companies
were reluctant to disclose sensitive information, such as financial status, development, and
use of artificial intelligence technology. For future studies, it is necessary to obtain more
reliable information related to the study by additional interviews or collecting second-hand
data to further enhance the persuasiveness. Third, this study only considers the impact of
enterprises’ willingness to adopt artificial intelligence technology on supply chain resilience
and supply chain performance. It is therefore necessary for future research to expand to
other areas of supply chain, hoping to provide more new and useful insights. Fourth,
because the relationship between supply chain enterprises is complex and enterprises
in different positions have different partners, future studies must refine and compare
the upstream and downstream positions of supply chain enterprises. Finally, we tested
our arguments using survey cross-sectional data and thus we were unable to explore the
relationships proposed in our theoretical model for causality. We hope future research could
address this limitation and increase the validity of our theoretical model using large-scale,
longitudinal datasets combined with archival data.
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