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How does AI capabilities fundamentally reshape SMEs in digital-green transition? Given the fact that 
the concept “green” value co-creation is crucial for SMEs in China. This study aims to undertake a 
timely inquiry for SMEs’ green value co-creation in China, as it still remains unclear for SMEs’ green 
value co-creation in green AI context. To fill these gaps, we conduct a moderated-mediation analysis 
of 632 SMEs from southeast China, based on RBV, stakeholder theory, and organizational learning 
theory. The main results indicate that (1) Green value co-creation has a mediating effect between 
artificial intelligence capabilities and triple bottom line performance. (2) The relationship between 
artificial intelligence capabilities and green value co-creation is moderated by green ambidextrous 
learning. (3) Green ambidextrous learning can amplify the indirect effects of AI capabilities on triple 
bottom line performance via green value co-creation. These results advance the theoretical frontiers 
of green value co-creation in developing countries. We also offer practical suggestions for green AI-
enabled digital-green dual transformation of SMEs.

Keywords  Green AI, Green value co-creation, Green ambidextrous learning, Economic performance, 
Environmental performance, Social performance

In the contemporary era, green AI has emerged as a pivotal paradigm shaping global socioeconomic progress. 
Green AI is reshaping our daily life by striking a balance between convenience and sustainability. For example, 
green shopping app analyzes shopping options and recommends locally green products1. Green AI traffic 
management systems can optimize traffic wait times2; AI-driven garbage sorting systems increase material 
recycling rates and reduce unnecessary waste discharge3; AI Smart Home System manages the operation of 
home appliances, making life more comfortable4. With the development of AI technology, people have gradually 
become accustomed to and advocated a green and low-carbon lifestyle, such as low-carbon clothing, low-carbon 
consumption, low-carbon office, shared bicycles, energy conservation and emission reduction, etc. These 
improvements are integrated into daily life, making green AI an indispensable part for modern living.

In the ever-changing business environment, green AI has also emerged more than a high-tech tool, it is 
supposed to be a digital force driving fundamental change in business model innovation, decision-making, and 
green competitive edge. However, small and medium-sized enterprises (SMEs) in China still face significant 
challenges in achieving green AI. By the end of 2024, the number of private enterprises in China had exceeded 
55 million, contributing over 50% of national tax revenue and more than 60% of GDP. These enterprises have 
emerged as the core engine propelling sustainable economic and social development. SMEs mainly have 
the following characteristics: maximization of economic benefits coupled with lacking green awareness; a 
shortage of artificial intelligence talent, limited financial resources, and significant challenges in undertaking 
technological transformation5; small operational scale, poor competitiveness and numerous unresolved issues6. 
Consequently, how to leverage the AI capabilities of SMEs to drive its triple bottom line performance (economic, 
environmental, and social) has emerged as an urgent issue in the context of green AI.

To shed light on these questions, we emphasize the potential role of green value co-creation in SMEs. As 
an emerging concept, green value co-creation has gradually attracted scholars’ attention in the past five years. 
Chang7 propose the concept of green value co-creation, defining it as the process whereby corporate partners 
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actively share green philosophies, collaboratively engage in sustainable production and consumption practices, 
thereby co-generating economic and environmental value. Manufacturing enterprises can strengthen their 
green organizational capabilities, specifically green technology development and green operational capabilities 
by green value co-creation8. Although few studies have explored the role of green value co-creation in SMEs9,10, 
no research has leveraged AI capabilities to facilitate green value co-creation in SMEs, thereby enhancing their 
economic, environmental, and social performance.

Based on organizational learning theory, the concept of green ambidextrous learning, encompassing both 
green exploration learning and green exploitation learning has garnered globally scholarly attention in recent 
years11. Green exploration learning refers to the process of enterprises pursuing new environmental protection 
knowledge, while green exploitation learning emphasizes the improvement of existing environmental protection 
knowledge by enterprises. Current academic research on green ambidexterity learning primarily focuses green 
ambidextrous innovation12, green performance11, and green competitive advantage13. However, no existing 
literature has investigated the role of green organizational ambidextrous learning in the relationship among AI 
capabilities, green value co-creation, and corporate performance. In the era of digital economy, it is particularly 
important to deeply explore the moderated mediating role of green organizational ambidextrous learning, to 
better realize the co-creation of green value in SMEs, foster learning organizations in SMEs, and promote greater 
technological cooperation.

Consequently, new questions have arisen:
How does artificial intelligence capabilities influence SMEs’ triple bottom line performance?
What is the role of green value co-creation in promoting the coordinated development of digitalization and 

sustainability in China?
In what ways do green ambidextrous learning influence SMEs today?
This article constructs the internal driving mechanism of artificial intelligence capabilities, green value co-

creation and triple bottom line performance, explaining the coordinated development process of digitalization 
and sustainability in SMEs green innovation. To sum up, we provide following possible contributions:

First, this paper constructs a green value co-creation mechanism for SMEs, serving as a new theoretical 
advancement on existing value co-creation literature. Although the research on the concept of “value co-creation” 
is relatively mature14–16, the research on “green” value co-creation is obviously insufficient. As an emerging 
concept in recent years, green value co-creation still offers substantial research opportunities especially in 
developing countries. This article further explores the extension of green value co-creation, which makes up for 
the current shortcomings of “green value co-creation” as an emerging concept with relatively limited literature 
and homogeneous research content in developing countries.

Second, we provide a new perspective on research of green AI. Most of green AI research only focuses on 
the application of green AI technology in enterprises, but have not yet formed mature theoretical and practical 
guidance on how to coordinate multiple stakeholders, and fully embed green AI into all aspects of enterprise 
operations. To be specific, Although artificial intelligence has attracted significant scholarly attention in recent 
years17–19, the underlying mechanisms through which AI capabilities enhance triple bottom line performance 
remain underexplored. On the one hand, most of the existing literature focuses on the impact of artificial 
intelligence on economic performance20,21. The SMEs’ social performance, social responsibility or green 
performance driven by artificial intelligence needs to be further explored.

Third, it remains unclear when traditional concept “green ambidextrous learning” combines with new 
concept “green AI”. While some studies have also mentioned green AI and sustainable learning22, AI capabilities 
and green intellectual capital23, or AI and ambidextrous green innovation, there is a paucity of research focus 
on green exploration learning and green exploitation learning in the field of green AI. This study significantly 
advances organizational ambidexterity theory by integrating green ambidextrous learning as pivotal boundary 
conditions into green value co-creation frameworks, providing new methods and ideas to achieve green AI for 
small and medium-sized enterprises.

Finally, this research represents a potential fit among AIC, GER, GEI, GVC, ECP, ENP, SOP. While the 
developing of AI capabilities is the mainstream internationally today, no studies have demonstrated how AIC 
enhances ECP/ ENP/SOP via GVC. We establish a comprehensive theoretical framework for how AIC improves 
GVC, which finally improves to higher ECP, ENP, SOP.

The overall workflow of this study is illustrated in Fig. 1.

Theoretical foundation and research hypotheses
Artificial intelligence capabilities and triple bottom line performance
Artificial intelligence has been first defined by Macarthy in the 1950s as “the science and engineering of making 
intelligent machines”24. Artificial intelligence refers to the use of computers to simulate human intelligent 
behavior, including learning, judgment, and decision-making25. Artificial intelligence refers to the ability of 
machines to perform tasks related to intelligent creatures. It has multiple branches, such as computer vision, 
speech, machine learning, big data and natural language processing26,27. Artificial intelligence capabilities also 
includes the ability to understand external data learning, simulate human vision and language cognition, and 
process complex human emotions28–30.

Green AI refers to companies and individuals using green practices, learning and utilizing AI technology 
to mitigate the adverse impact of humans on the natural environment, while also mitigating the impact of AI 
itself on the environment31. AI-based predictive models can identify inefficiencies and dynamically optimize 
production processes, resulting in energy savings and emission reductions32. Integrating AI algorithms with 
Internet of Things (IoT) systems enables real-time monitoring and forecasting of energy usage, thereby reducing 
the energy consumption of the lighting systems33. AI energy optimization can reintegrate renewable energy and 
support green decision-making34. Unlike large enterprises which could afford expensive infrastructure and R&D 
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costs, SMEs benefit more from scalable, low-cost AI solutions such as cloud-based AI services, which allow them 
to access cutting-edge algorithms and data analytics tools without bearing the expensive R&D costs typically 
associated with AI deployment. Through cloud-delivered green AI, SMEs can enhance resource efficiency, reduce 
operational waste, and remain competitive in digital and sustainability transitions. For example, by leveraging 
AI technologies like machine learning, NLP, image recognition, chatbots, and intelligent algorithms, B2B SMEs 
can integrate with AI platforms to improve cross-platform operational efficiency and create value35. Wang et al.36 
investigates how SMEs in central China adapt to the growing influence of AI, such as automation, data analytics, 
and intelligent manufacturing into their operations to enhance efficiency and competitiveness. Studies in Saudi 
Arabia37 and Turkey38 show that AI adoption can strengthen sustainable business performance and facilitate 
green innovation strategies for SMEs. In the daily business operations, green AI can improve companies’ social 
responsibility, legal compliance, and competitiveness39. At the same time, AI can create opportunity for Green 
HRM40, rethink green talent management41, and improve companies’ market advantages42. Scholars in different 
fields use green AI to obtain data, reduce energy consumption, collaborate across fields, and enhance sustainable 
understanding43. Consequently, green AI is playing a crucial role in multiple fields, and continuously innovate 
and optimize existing resource allocation and industrial structure.

Today, the impact of green management on corporate performance has evolved from a single focus on 
economic performance to a comprehensive exploration of multi-dimensional organizational performance. The 
triple bottom line performance discussed in this article refers to a company’s economic, environmental, and 
social sustainability performance44,45. Economic performance refers to the operating benefits and performance 
during a certain operating period46; Environmental performance is reflected in the comprehensive performance 
of its environmental risk control capabilities and sustainable value creation capabilities47; Social performance 
refers to the comprehensive benefits which bring to society, the environment, and residents48. Many studies 
consider these three sub-dimensions as relatively independent performance targets. For example, some 
studies explore artificial intelligence and how supply chain transparency, economic, environmental, and social 

Fig. 1.  Overall workflow.
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performance are connected49, Some studies have used these three independent dimensions to examine different 
impact on the quality of sustainable development reports in the Russian oil and gas industry50. Economic, social 
and environmental dimensions, as distinct performance goals, are three independent variables widely used in 
the measurement of sustainable development51,52.

According to the resource-based view53, enterprises have tangible or intangible resources which can be 
transformed into immobile and difficult-to-replicate resources, gaining sustainable competitiveness. This article 
posits that artificial intelligence capabilities, defined as the capacity to leverage AI systems for data identification, 
analysis, inference, and learning from data to pursue specific organizational and societal goals, constitute 
inimitable resources capable of fostering unique competitive advantages. Advanced artificial intelligence 
technologies can significantly enhance corporate performance. For example, Wamba-Taguimdje et al.54 found AI 
can enhance organizational performance across financial, marketing, and administrative domains by optimizing 
operational processes, enhancing automation and information processing efficiency, Sullivan & Fosso Wamba55 
demonstrated that three AI capabilities (AI automation, AI analytics, and AI relational capabilities) have a 
positive impact on corporate performance, process innovation, and product innovation56,57. At the same time, 
AI capabilities also affects the overall performance of organizations through their dynamic capabilities and 
creativity58,59.

In summary, we propose:

Hypothesis 1  Artificial intelligence capabilities is positively associated to economic performance(1a), environ-
mental performance (1b), and social performance(1c).

The mediating effects of green value Co-Creation
Drawing on stakeholder theory, managers are obligated to balance the interests of diverse stakeholders in the 
practice of corporate management60. It is evident that the value co-creation holds particular importance61. 
Green value co-creation refers to a dynamic integration mechanism that systematically aligns and synergizes 
multi-stakeholder resources (encompassing corporate entities, customers, and other relevant parties) to 
generate sustainable value and realize mutually beneficial outcomes10. A notable example is Ant Forest, whose 
gamification platform has attracted more than 500 million users to accumulate “green energy” through low-
carbon activities such as walking or taking public transportation, and then transformed it into an ecological 
construction project with the participation of the entire population through the co-creation of green value62. In 
the digital economy era, digital green value co-creation can replace the traditional value co-creation, improve 
green network embedding, and thus have a good promoting effect on green innovation performance63.

Existing literature has explored the relationships among value co-creation, AI capabilities, and corporate 
performance. On the one hand, some scholars have found a close connection between AI capabilities and value 
co-creation64, artificial intelligence and digital transformation are reshaping the value co-creation of enterprises 
in the B2B market65, incorporating artificial intelligence technology into mobile banking service platforms can 
enhance the value co-creation process and improve customers’ consumption comfort66. On the other hand, some 
scholars have found that value co-creation (shared values, information sharing, mutual benefit) can improve the 
strategic position of SMEs and thus enhance corporate performance67. With the rise in public environmental 
awareness, green value co-creation exerts a direct positive impact on corporate performance68. Green value co-
creation can also improve firm performance under the influence of institutional pressure68.

In line with RBV, a company’s AI capabilities are scarce and heterogeneous internal resources. Based on 
stakeholder perspective, companies need to collaborate with key stakeholders, including customers, suppliers, 
governments, and communities, transforming these unique resources into economic performance, environmental 
performance, and social performance via green value co-creation. Specifically, for suppliers, the company 
leverages an AI-driven supply chain carbon management platform to generate customized green solutions and 
invite suppliers to participate in energy conservation and emission reduction initiatives. For customers, the 
company uses AI to analyze green needs and co-design green products with them. It also provides consumers 
with AI-verified product carbon footprint labels. For governments, it automatically generates compliance-
compliant environmental reports. It also leverages AI to match green subsidies and encourage governments to 
develop green support measures. For communities, the company uses AI to integrate community environmental 
data and support the design of green public welfare projects. These initiatives continuously transform internal AI 
resources into win-win green alliances for all parties, achieving shared green value creation.

In summary, we propose:

Hypothesis 2  Green value co-creation has a mediating effect between artificial intelligence capabilities and 
economic performance (2a), environmental performance (2b), and social performance (2c).

The moderated mediation effects of green ambidextrous learning
Drawing on organizational learning theory, organizational learning serves as the cornerstone for enterprises to 
accumulate technological capabilities and cultivate competitive advantages69. As we mentioned above, green 
exploration learning refers to the process of enterprises pursuing new environmental protection knowledge, while 
green exploitation learning emphasizes the improvement of existing environmental protection knowledge by 
enterprises. For example, manufacturing companies can acquire new environmental knowledge and technologies 
from external green technology R&D institutions to broaden their green knowledge base and achieve green 
exploratory learning. At the same time, they can extract new knowledge from existing green processes and 
optimize accumulated experience to deepen their green knowledge and achieve green exploitative learning. 
The updating of these two types of knowledge together lays a solid foundation for the co-creation of green 
value within the enterprise70. Although there is no research found the relationship between green ambidextrous 
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learning, artificial intelligence capabilities, green value co-creation, and corporate performance, we found some 
indirect evidences: For instance, scholars have discussed the role of organizational learning strategies in the 
development of artificial intelligence71, and the relationship between organizational learning and value co-
creation72, or the impact of organizational learning on organizational performance improvement73. Given the 
positive impact of organizational learning on artificial intelligence (AI) capabilities, green value co-creation, 
and organizational performance, this study aims to investigate the role of green organizational ambidextrous 
learning in relationships among AI capabilities, green value co-creation, and economic/environmental/social 
performance. We argue that the positive relationship between AI capabilities and economic/environmental/
social performance via green value co-creation could be strengthened by both explorative and exploitative 
learning.

In summary, we propose:

Hypothesis 3  The relationship between artificial intelligence capabilities and green value co-creation is mod-
erated by green exploration learning (3a). In addition, the indirect relationship between artificial intelligence 
capabilities and economic/environmental/social performance via green value co-creation is moderated by green 
exploration learning such that the indirect relationship becomes stronger as green exploration learning is better 
(3b/3c/3d).

Hypothesis 4  The relationship between artificial intelligence capabilities and green value co-creation is mod-
erated by green exploitation learning (4a). In addition, the indirect relationship between artificial intelligence 
capabilities and economic/environmental/social performance via green value co-creation is moderated by green 
exploitation learning such that the indirect relationship becomes stronger as green exploration learning is better 
(4b/4c/4d).

The theoretical model of this study is illustrated in Fig. 2.

Methodology
Participants and procedures
This study selected SMEs based on the most authoritative classification standards for SMEs in China: the 
“Regulations on the Classification of Small and Medium-sized Enterprises” (2011), jointly formulated by 
the Ministry of Industry and Information Technology (MIIT), National Bureau of Statistics (NBS), National 
Development and Reform Commission (NDRC), and Ministry of Finance (MOF). The participants in this 
study were SMEs located in the southeast China from key industries, including machinery and automotive 
components, apparel and textiles, consumer electronics, wholesale and retail, accommodation and catering 
services, and other services. A total of 1,920 self-administered questionnaires were distributed to the core 
management teams of SMEs, typically including the general manager, head of operations, head of finance, head 
of technology/R&D, and head of human resources. These senior managers often possess a strategic, company-
wide perspective and are able to accurately assess complex concepts such as AI capabilities and green value 

Fig. 2.  Theoretical model.
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co-creation. We designed the questionnaire to translate these abstract concepts into concrete behaviors in their 
daily management practices. The questionnaire items were primarily drawn from established scales published 
in reputable journals. This questionnaire underwent rigorous expert validity review and pre-testing, and item 
wording was optimized based on feedback, ensuring strong reliability and validity.

This study was approved by the ethics committee of the authors’ institution. To mitigate common method 
bias, the survey design incorporated multiple procedural remedies, including ensuring respondent anonymity, 
clarifying scale items, and counterbalancing question order; the survey instrument used a mature and neutrally 
worded scale that focused on describing organizational facts and activities rather than individual opinions 
or behaviors, thereby reducing the personal sensitivity of the questions. To ensure linguistic accuracy, the 
measurement scales underwent a rigorous translation process, including independent back-translation by 
bilingual experts to resolve discrepancies. An informed consent form was placed on the first page of each 
questionnaire to assure confidentiality and anonymity for participants. All participants provided their written 
informed consent to take part in the study. After approximately four months of data collection, a total of 702 
questionnaires were returned, with a response rate of 36.6%. After eliminating poor-quality questionnaires, 632 
valid questionnaires remained for further analysis. The descriptive statistics were represented in Table 1.

Measures
Artificial intelligence capabilities
Artificial intelligence capabilities (AIC) was measured using a 16-item scale74. The seven-point Likert scale was 
used to assess the three aspects of data, technology, and basic resources. AIC had a Cronbach’s alpha of 0.935.

Green exploration learning
Green exploration learning (GER) was evaluated using a 4-item scale developed by Chen et al.75. GER had a 
Cronbach’s alpha of 0.892.

Green exploitation learning
We used a 4-item scale developed by Chen et al.75 to measure green exploitation learning (GEI). GEI had a 
Cronbach’s alpha of 0.896.

Frequency Percentage

Characteristics of firms

 Size of firm

<= 50 71 11.23%

51–100 241 38.13%

101–150 280 44.30%

> 150 40 6.33%

 Years founded

<= 5 207 32.75%

6–10 169 26.74%

11–15 129 20.41%

16–20 63 9.97%

> 20 64 10.13%

I ndustry

Machinery & automotive components 91 14.40%

Apparel and textiles 115 18.20%

Consumer electronics 110 17.41%

Wholesale and retail 104 16.46%

Accommodation & catering services 96 15.19%

Other services 116 18.35%

Characteristics of respondents

 Gender
Male 311 49.21%

Female 321 50.79%

 Age

<= 30 99 15.66%

31–40 196 31.01%

41–50 230 36.39%

51–60 83 13.13%

> 60 24 3.8%

 Education

Junior college or below 224 35.44%

Bachelor 295 46.68%

Postgraduate 113 17.88%

Table 1.  Descriptive statistics of the sample and respondents. Notes: N = 632.
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Green value co-creation
Green value co-creation (GVC) was assessed using an 11-item scale developed by Tian et al.68, which contains 
two aspects of green co-production and green value-in-use. GVC had a Cronbach’s alpha of 0.936.

Economic performance
We measure economic performance (ECP) using a 4-item scale developed by Maletič et al.76. ECP had a 
Cronbach’s alpha of 0.860.

Environmental performance
Environmental performance (ENP) was evaluated using a 4-item scale developed by Maletič et al.76. ENP had a 
Cronbach’s alpha of 0.880.

Social performance
Social Performance (SOP) was measured using a 3-item scale adopted by Maletič et al.76. SOP had a Cronbach’s 
alpha of 0.863.

Control variables
Following classical theoretical literature67,73,77–79, we controlled for firm size, years founded, and industry, as 
well as respondent gender, age, and educational background, to account for potential variations in firm and 
individual characteristics which affect the study outcomes.

Results
To ensure the robustness of the empirical results, we conducted a series of analyses in sequential order. First, we 
present the descriptive statistics of studied variables using SPSS 26 to provide an overview of the data. Second, 
confirmatory factor analysis was performed to assess the measurement model’s goodness of fit using AMOS 26. 
Third, we evaluated the reliability, validity, and potential common method variance of the constructs using SPSS 
26. Subsequently, mediation effects were tested to test hypotheses H1a, H1b, H1c, H2a, H2b, and H2c using 
Macro Process Model 4. In addition, we used hierarchical regression in SPSS 26 to test the proposed moderating 
effects H3a and H4a. Finally, we examined the moderated mediation effects using Process Macro Model 9 to test 
our proposed hypotheses H3b, H3c, H3d, H4b, H4c, and H4d.

Descriptive statistics
Table 2 demonstrated the means, standard deviations, correlation coefficients, and square roots of constructs’ 
AVE for all variables. As we suggested, AIC, GER, GEI, GVC, ECP, ENP, and SOP were all significantly correlated 
with each other.

Confirmatory factory analysis
We used confirmatory factor analysis (CFA) to evaluate the goodness of model fit, and the result was excellent 
for the 7-factors solution: χ2/df = 2.223, RMSEA = 0.044, CFI = 0.993, NFI = 0.988, IFI = 0.993, TLI = 0.982, GFI 
= 0.992, SRMR = 0.020 (χ2/df < 3, RMSEA < = 0.06, CFI > = 0.95, NFI > = 0.9, IFI > = 0.9, TLI > = 0.95, GFI > 
= 0.9, SRMR < = 0.0880,81.

Reliability, validity, and common method variance
First, the Cronbach’s alpha of all variables (AIC, GER, GEI, GVC, ECP, ENP, and SOP) were above 0.7 in Table 
3, indicating an acceptable level of reliability. Second, the factor loadings of all the items (AIC, GER, GEI, GVC, 
ECP, ENP, and SOP) were larger than the established criterion of 0.5 proposed by Hair et al.82, and the values 
of average variance extracted (AVE) and composite reliability (CR) were greater than 0.5 and 0.7 respectively 
as suggested by Hair et al.82 in Table 3, showing an acceptable level of convergent validity. Third, we assessed 
discriminant validity of our study by comparing the square roots of AVE for each variable to their corresponding 
correlations, as shown in Table 2. The result indicated that every variable had a higher square root of AVE than 
its correlations to other variables83.

Mean S.D. 1 2 3 4 5 6 7

1 AIC 4.084 1.158 (0.715)

2 GER 4.161 1.336 0.221*** (0.870)

3 GEI 4.497 1.332 0.192*** 0.249*** (0.874)

4 GVC 4.547 1.249 0.475*** 0.234*** 0.297*** (0.783)

5 ECP 4.923 1.109 0.551*** 0.315*** 0.366*** 0.633*** (0.840)

6 ENP 4.741 1.190 0.481*** 0.339*** 0.34*** 0.591*** 0.622*** (0.858)

7 SOP 4.033 1.265 0.335*** 0.304*** 0.349*** 0.481*** 0.517*** 0.471*** (0.888)

Table 2.  Means, standard deviations, reliabilities, and correlations. Notes: (1) * p < 0.05; ** p < 0.01; *** 
p < 0.001 (two-tailed); (2) The data of the diagonal (in parentheses) are the square root of AVE (average 
variance extracted) of the construct.
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Factor loadings

Artificial intelligence 
capabilities (AIC): 
α = 0.935, CR = 0.944, 
AVE = 0.512

 AIC1 0.649

 AIC2 0.747

 AIC3 0.699

 AIC4 0.683

 AIC5 0.738

 AIC6 0.663

 AIC7 0.707

 AIC8 0.719

 AIC9 0.772

 AIC10 0.652

 AIC11 0.682

 AIC12 0.744

 AIC13 0.788

 AIC14 0.714

 AIC15 0.692

 AIC16 0.775

Green exploration 
learning (GER): α = 0.892, 
CR = 0.925, AVE = 0.756

 GER1 0.875

 GER2 0.870

 GER3 0.852

 GER4 0.882

Green exploitation 
learning (GEI): α = 0.896, 
CR = 0.928, AVE = 0.763

 GEI1 0.878

 GEI2 0.879

 GEI3 0.888

 GEI4 0.849

Green value co-creation 
(GVC): α = 0.936, 
CR = 0.946, AVE = 0.614

 GVC1 0.755

 GVC2 0.751

 GVC3 0.744

 GVC4 0.746

 GVC5 0.773

 GVC6 0.817

 GVC7 0.760

 GVC8 0.848

 GVC9 0.801

 GVC10 0.810

 GVC11 0.804

Economic Performance 
(ECP): α = 0.860, 
CR = 0.905, AVE = 0.706

 ECP1 0.837

 ECP2 0.859

 ECP3 0.846

 ECP4 0.816

Environmental 
performance (ENP): 
α = 0.880, CR = 0.918, 
AVE = 0.736

 ENP1 0.866

 ENP2 0.864

Continued
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To avoid the problem of common method bias, we emphasized the anonymity and confidentiality of our 
study to our respondents in advance. Moreover, this study made questionnaires concise and understandable. In 
addition, we used Harman’s one factor test, which indicated that the variance explained by a single factor is only 
33.84%, which under the suggested threshold of 50%.

Mediation analysis
We used Process macro model 4 in SPSS 26 to evaluate the mediating effect of GSV between AIC and ECP/ENP/
SOP. The results are presented in Table 4.

As presented in Table 4, the total effects of AIC on ECP/ENP/SOP were all significant, thus supporting H1a/
H1b/H1c. After adding GVC as a mediator, the direct effect and indirect effect of AIC on ECP/ENP/SOP were all 
significant, indicating partial mediating effects of GSV between AIC and ECP/ENP/SOP. Therefore, H2a, H2b, 
and H2c were all supported.

Moderation analysis
We used hierarchical regression in SPSS 26 to test hypotheses H3a and H4a. Table 5 indicated that the relationship 
between AIC and GVC is moderated by GER and the relationship between AIC and GVC is also moderated by 
GEI.

Figure S1 in the supplementary material illustrated that the positive relationship between AIC and GVC was 
strongest while GER was at its highest level and Figure S2 displayed that the same relationship was also strongest 
while GEI was at its highest level. Therefore, H3a and H4a were both supported.

Moderated mediation analysis
We used PROCESS macro model 9 developed by Hayes84 in SPSS 26 to examine the hypothesized moderated 
mediation effects. Table 6 showed the index of moderated mediation effects for GER and GEI in the AIC-GVC-
ECP/ENP/SOP links.

The conditional indirect effects of AIC on ECP/ENP/SOP via GVC were all significantly moderated by GER 
and as GEI. As presented in Table 6, the confidence intervals of both indices for GER and GEI did not contain 
zero, hence, H3b, H3c, H3d, H4b, H4c, and H4d were all supported. Table 7 presented the conditional indirect 
effects of AIC to ECP/ENP/SOP at specific levels of GER and GEI.

The moderated mediation effects were also illustrated using the Johnson-Neyman graph in Figure S3, S4, 
and S5 in the supplementary material, and the indirect effects of AIC on ECP/ENP/SOP through GVC were 
strongest while both GER and GEI were at their highest level. In addition, we also evaluated t-values and path 
coefficients to confirm the moderated mediation effects, as illustrated in Fig. 3, Therefore, all hypotheses were 
supported.

Estimate 95% (Bootstrapped) CI [LL, UL]

AIC-GVC-ECP

Total effect 0.5269*** [0.4644, 0.5894]

Direct effect 0.3090*** [0.2476, 0.3703]

Indirect effect 0.2179 [0.1786, 0.2617]

AIC-GVC-ENP

Total effect 0.4945*** [0.4241, 0.5650]

Direct effect 0.2659*** [0.1952, 0.3367]

Indirect effect 0.2286 [0.1841, 0.2763]

AIC-GVC-SOP

Total effect 0.3652*** [0.2847, 0.4456]

Direct effect 0.1497*** [0.0653, 0.2341]

Indirect effect 0.2154 [0.1672, 0.2658]

Table 4.  Mediation analysis for GVC between AIC and ECP/ENP/SOP. Notes: (1) * p < 0.05; ** p < 0.01; *** 
p < 0.001 (two-tailed); (2) Lower and upper bound of 95% bootstrap confidence interval for that effect using 
5,000 bootstrap samples.

 

Factor loadings

 ENP3 0.856

 ENP4 0.846

Social performance (SOP): 
α = 0.863, CR = 0.918, 
AVE = 0.788

 SOP1 0.903

 SOP2 0.880

 SOP3 0.879

Table 3.  Item loadings, cronbach’s alpha, CR, and AVE for studied variables. Notes: N = 632.
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Discussion
Although the research of green AI has made significant progress over the past five years, there still remain 
many critical theoretical gaps, hindering global scholars’ comprehensive understanding of the green AI-enabled 
economy. First, existing literature primarily focuses on large manufacturing enterprises, lacking in-depth 
theoretical models exploring the balance between survival pressures and environmental investment for SMEs in 
developing nations85. Second, while green AI research spans multiple disciplines, including computer science, 
management, and environmental science, however, interdisciplinary theoretical integration is insufficient, with 
many studies at the conceptual level, and failing to propose practical solutions31. Third, although green AI has 
shown great potential in improving environmental performance86, optimizing resources87, and low-carbon 
transformation88, key issues such as the construction of co-creation mechanisms and innovation of business 
models still need to be explored in depth.

To further illustrate these issues, this study is presented from two theoretical perspectives: The first perspective 
focuses on comprehensive understanding of Artificial Intelligence Capabilities, following prior research on AIC 
and business model innovation89, AI-enabled CBM90, organizational performance91. In addition, we explore an 
unknown mechanism by which AIC leads to ECP/ ENP/SOP in digital era. In this respect, we emphasize the 
significance of AIC92–94, and fill the research gap from value co-creation perspective. The second perspective 
concentrates on moderated mediation effects of green ambidextrous learning, including two aspects: green 
exploration learning and green exploitation learning. As some scholars believe that enterprise ambidextrous 
learning may be contradictory95,96, the moderated mediation role of green ambidextrous learning in AIC-GVC-
ECP/ENP/SOP link is novel. The indirect effects of AIC on ECP/ENP/SOP via GVC are both strongest when 
GER, GEI are at highest level. In our study, these two abilities are complementary and mutually reinforcing. The 
possible reasons for this are as follows:

Index BootSE BootLLCI BootULCI

AIC-GVC-ECP
GER 0.0703 0.0110 0.0491 0.0926

GEI 0.0404 0.0115 0.0180 0.0638

AIC-GVC-ENP
GER 0.0738 0.0118 0.0512 0.0985

GEI 0.0424 0.0123 0.0193 0.0671

AIC-GVC-SOP
GER 0.0695 0.0122 0.0465 0.0943

GEI 0.0399 0.0119 0.0180 0.0642

Table 6.  Indices of moderated mediation effects. Notes: Lower and upper bound of 95% bootstrap confidence 
interval for that effect using 5,000 bootstrap samples.

 

GVC

Model 1 Model 2 Model 3 Model 4

Step 1: control variables

 YEAR 0.050 0.025 0.026 0.017

 SIZE 0.019 -0.004 0.004 0.001

 INDU 0.014 0.034 0.036 0.044

 GENDER -0.014 -0.011 -0.022 -0.016

 AGE 0.002 0.003 0.007 -0.005

 EDU -0.009 -0.014 -0.021 -0.032

Step 2: main effects

 AIC 0.475*** 0.416*** 0.406***

Step 3: main effects

 GER 0.096** 0.102**

 GEI 0.194*** 0.180***

Step 4 interaction effects

 AIC X GER 0.209***

 AIC X GEI 0.116***

ΔR2 0.004 0.224 0.053 0.067

ΔF 0.370 181.268*** 22.785*** 32.074***

R2 0.004 0.228 0.281 0.348

Adj R2 -0.006 0.219 0.270 0.336

Overall F 0.370 26.304*** 26.950*** 30.085***

Table 5.  Hierarchical regression results of AIC on GVC moderated by GER and GEI. Notes: (1) * p < 0.05; ** 
p < 0.01; *** p < 0.001 (two-tailed); (2) AIC, GER, and GEI were mean-centered for all analysis.
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It is inevitable that, if SMEs blindly pursue both green exploratory learning and green exploitative learning, 
it is indeed possible to lead to resource shortages97. The key lies in whether managers can flexibly master the 
strategic balance between the two. Empirical evidence further suggests an interactive effect between green 
exploratory learning and green exploitative learning. For example, Shi et al.98 indicated that exploration and 
exploitation are positively correlated with each other, and both of them can boost firm performance. Rintala 
et al.99 suggested that both explorative and exploitative strategy could enhance the relationship between 
environmental and financial performance. Wei et al.100 found that explorative and exploitative IT capabilities are 
complementary in moderating the link between collaborative planning and firm performance but substitutive 
in moderating the relationship between information sharing and firm performance. The cost savings and profits 
gained in SMEs through green exploitative learning can provide valuable financial support for green exploratory 
learning. Furthermore, when existing green exploitative learning reaches a bottleneck, exploratory learning 
can help companies gain insight into future green trends and policy directions, thereby guiding the strategic 
direction of current exploitative learning. Specifically, green exploration learning was found to have a stronger 
moderating effect than exploitation learning, suggesting a significant moderating effect on the relationship 
between AI capabilities and green value co-creation by green exploration learning (β = 0.209, p < 0.001), and 
green exploitation learning (β = 0.116, p < 0.001). We believe that SMEs at different stages have different green 
transformation goals, resource reserves, and risk tolerance, and the ratio of resource input between the two will 
show an alternating emphasis as the enterprise’s development stage changes.

This study focuses on green value co-creation in SMEs by tackling the following issues: (1) How does artificial 
intelligence capabilities influence SMEs’ triple bottom line performance? (2) What is the role of green value co-
creation in promoting the coordinated development of digitalization and sustainability in China? (3) In what 
ways do green ambidextrous learning influence SMEs today? To solve these problems, we take a moderated-
mediation exam from 632 managers in southeast China. By doing so, we demonstrate both theoretical and 
practical significance for environmental protection, social advancement and corporate governance in SMEs.

The key findings were as follows: Artificial intelligence capabilities has a positive impact on economic/
environmental/social performance (H1). In the context of the relationship between artificial intelligence 
capabilities and economic/environmental/social performance, green value co-creation serves as a mediator. To 
be more precise, artificial intelligence capabilities contributes to economic/environmental/social performance 

Link GER GEI Effect BootSE BootLLCI BootULCI

AIC-GVC-ECP

2.8254 3.1646 0.0386 0.0251 -0.0104 0.0886

2.8254 4.4968 0.0924 0.0222 0.0486 0.1356

2.8254 5.8290 0.1462 0.0287 0.0904 0.2044

4.1610 3.1646 0.1325 0.0239 0.0867 0.1809

4.1610 4.4968 0.1863 0.0190 0.1489 0.2240

4.1610 5.8290 0.2401 0.0248 0.1933 0.2903

5.4966 3.1646 0.2264 0.0308 0.1676 0.2883

5.4966 4.4968 0.2802 0.0257 0.2311 0.3312

5.4966 5.8290 0.3340 0.0290 0.2796 0.3932

AIC-GVC-ENP

2.8254 3.1646 0.0405 0.0251 -0.0094 0.0895

2.8254 4.4968 0.0969 0.0225 0.0527 0.1409

2.8254 5.8290 0.1534 0.0304 0.0942 0.2139

4.1610 3.1646 0.1390 0.0241 0.0935 0.1872

4.1610 4.4968 0.1955 0.0204 0.1563 0.2360

4.1610 5.8290 0.2519 0.0282 0.1965 0.3091

5.4966 3.1646 0.2376 0.0322 0.1766 0.3019

5.4966 4.4968 0.2940 0.0288 0.2401 0.3526

5.4966 5.8290 0.3504 0.0340 0.2846 0.4205

AIC-GVC-SOP

2.8254 3.1646 0.0382 0.0241 -0.0095 0.0854

2.8254 4.4968 0.0913 0.0221 0.0500 0.1367

2.8254 5.8290 0.1445 0.0299 0.0896 0.2060

4.1610 3.1646 0.1310 0.0244 0.0845 0.1828

4.1610 4.4968 0.1842 0.0224 0.1425 0.2299

4.1610 5.8290 0.2374 0.0301 0.1811 0.2985

5.4966 3.1646 0.2239 0.0338 0.1608 0.2941

5.4966 4.4968 0.2771 0.0322 0.2160 0.3412

5.4966 5.8290 0.3303 0.0379 0.2573 0.4062

Table 7.  Conditional indirect effect of AIC-GVC-ECP/ENP/SOP link at specific levels of GER and GEI. Notes: 
(1) Lower and upper bound of 95% bootstrap confidence interval for that effect using 5,000 bootstrap samples; 
(2) coefficients represent specific indirect effects and standard errors at different values (-1SD, 0, +1SD) of the 
moderators GER and GEI.
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via green value co-creation (H2a, H2b, and H2c). Notably, we also emphasize the moderating role of green 
exploration learning and green exploitation learning, indicating that better green exploration learning and green 
exploitation learning could strengthen the relationship between artificial intelligence capabilities and green value 
co-creation (H3a and H4a). Moreover, the relationship between artificial intelligence capabilities and economic/
environmental/social performance through green value co-creation are all strongest while green exploration 
learning and green exploitation learning are at their highest levels (H3b, H3c, H3d, H4b, H4c, and H4d).

In summary, this research offers fresh theoretical insights into AIC-ECP/ ENP/SOP links based on above 
results. Moreover, we have thoroughly analyzed the theoretical and practical implications.

Theoretical implications
First, this article takes “green” value co-creation as its research perspective, enriches the existing research on 
value co-creation in China, also in other developing countries. While some scholars have started to explore the 
relationship between artificial intelligence and value co-creation in recent years, research on AI in “green” value 
co-creation has not received sufficient attention. Furthermore, the literature on value co-creation has established 
a mature theoretical system, and widely used in various fields15,101,102, research on “green” value co-creation has 
advanced relatively slowly. Future scholars should pay greater attention to the exploration of green value co-
creation from an interdisciplinary perspective.

Second, we enhance the precision of the RBV theory by indicating that artificial intelligence capabilities 
influence economic/environmental/social performance in SMEs. These results integrate new perspective into 
RBV theory49,103,104 by considering artificial intelligence capabilities as a unique and scarce resource105,106, which 
could improve economic/environmental/social performance for SMEs. By doing so, we establish the internal 
driving mechanism of AIC-GVC-ECP/ENP/SOP for SMEs, offering referable insights for future research on AI 
research in green value co-creation.

Third, this study extends the organizational ambidexterity theory by providing a novel viewpoint on green 
ambidextrous learning. As we mentioned above, there is no research found the relationship between green 
ambidextrous learning, artificial intelligence capabilities, green value co-creation, and corporate performance. 
This study introduces green organizational ambidextrous learning (green exploration learning and green 
exploitation learning) as boundary conditions into the green value co-creation mechanism for SMEs. By doing 
this, we empirically validate the significance of green exploratory and exploitation learning under resource 
constraints in SMEs. In addition, this study verified the dynamic path of green ambidextrous learning to green 
value co-creation in the digital economy, broadening the application and innovation of organizational learning 
theory in the context of green AI.

Finally, we stress the value of a good fit by exhibiting the relationships among AIC, GER, GEI, GVC, ECP, 
ENP, and SOP. This study extends three theoretical perspectives: RBV, stakeholder theory and organizational 
learning theory by taking a moderated-mediation exam in southeast China, Consequently, a dynamic theoretical 
framework and theoretical frontiers of green value co-creation for AI-enabled digital-green dual transformation 
can be obtained.

Fig. 3.  Standardized path coefficients for the moderated mediation examination.
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Practical implications
First, this paper leverages artificial intelligence technologies to explore new linkages between the green economy 
and digital economy for SMEs, providing insights for the construction of a green, intelligent, and digital 
ecological civilization. The rapid advancement of artificial intelligence technology has unleashed immeasurable 
potential across diverse industries. From the perspective of finance107, economy108, agriculture109, energy110, 
and education111, data resources have emerged as the cornerstone of sustaining competitive edge in business 
operations. Artificial intelligence technology is bringing irreplaceable creation and changes to society. Leveraging 
artificial intelligence technologies to advance digital ecological civilization also holds broad development 
prospects.

Second, this study investigates green value co-creation in Chinese SMEs, offering crucial implications for 
sustainable development112,113. As we mentioned above, SMEs have the characteristics of resource shortage, 
small scale, and poor risk resistance. Green value co-creation will fill the SMEs’ skill gap through collaborative 
with each other, strengthen risk resilience by digital green systems, integrate composite resources such as policy 
subsidies, technical competence, and market channels, and participate digital ecological alliance to foster a win-
win situation.

Third, the unique and irreplaceable role of green ambidextrous learning for SMEs with limited resources 
should not be ignored. Green exploration learning helps companies develop new green AI technologies, promote 
the research and development of environmental technologies, and enhance their long-term competitiveness. 
Green exploitation learning helps companies optimize existing green AI technologies, reduce operating costs, 
and improve resource utilization.

Conclusions
Main results
This paper draws on the RBV, stakeholder theory, and organizational learning theory to construct a theoretical 
framework for green value co-creation enabled by artificial intelligence (AI). First, based on the RBV, a firm’s AI 
capabilities (tangible, intangible, and human resources) are considered competitive advantages and resources. 
Second, according to stakeholder theory, the mechanism for green value co-creation in SMEs is established. 
Third, drawing on organizational learning theory, the moderating role of green organizational ambidexterity 
(green exploration learning and green exploitation learning) is explained, as well as the overall process by which 
AI drives green value co-creation and promotes performance improvement. This paper illustrates the interactive 
process of digitalization and sustainability, establishing the internal driving mechanism of “AI capabilities-green 
value co-creation-firm performance”. The research findings will provide insights for SMEs in the AI era.

Limitations and future recommendations
First, the reliance on self-reported data from a single source at one point in time introduces the possibility of 
common method bias, including social desirability bias. Respondents may have provided answers they perceived 
as more socially acceptable, particularly concerning “green” and “AI” initiatives. In addition, the cross-sectional 
design limits our ability to establish causal inferences and the need for longitudinal research is pressing. Our 
study captures short-term outcomes, however, green AI’s full impact on SMEs, including how the perception 
biases might evolve, can only be understood over a longer period. Longitudinal studies will provide valuable 
insights into the sustained effects of green AI adoption and offer solid theoretical support for its long-term 
implementation.

Another limitation is the cross-national applicability of green AI solutions. Most studies on green AI are 
concentrated are based on specific and single national contexts, with a limited international perspective. Different 
countries have varied political systems, economic conditions, cultural values, technological infrastructure, 
influencing the efficiency and effectiveness of green AI technologies. Future research could explore green AI in 
multiple countries and multiple scenarios.

Finally, as we mentioned above, most of green AI research only focuses on green AI technology in enterprises 
but have not yet fully embed green AI into all aspects of enterprise operations. Future research should validate 
the results of longitudinal studies, and actively develop interdisciplinary solutions. The longitudinal studies 
research must be strengthened, such as the long-term effects of green AI technology application, to provide 
solid theoretical support for the implementation of green AI in SMEs. Furthermore, a dynamic adaptive model 
for SMEs should be established by deeply integrating theories from multiple disciplines, such as environmental 
science, management, and computer science.

Data availability
The data of this study are available from the corresponding author upon reasonable request.
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