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Abstract 
Artificial Intelligence (AI) is revolutionizing industries globally, with profound 
implications for manufacturing systems and environmental sustainability. In 
Sub-Saharan Africa, including Ghana, the push for industrialization presents 
environmental challenges, making it crucial to integrate green technologies. 
This study investigates the adoption of AI in Ghana’s manufacturing sector, 
exploring its impact on green manufacturing practices and barriers to AI inte-
gration. Data was collected via an online survey with a 91.5% response rate (400 
out of 455), yielding 400 valid responses. The survey revealed a predominantly 
male workforce (70%) aged 30 - 40 years (55%), with high education levels. Cor-
relation analysis showed significant relationships between Corporate Green In-
novation (0.723), Sustainable Manufacturing Practices (0.723), and Environmen-
tal Governance (0.547). AI technology had a moderate correlation with Environ-
mental Governance (0.618). While Sustainable Manufacturing Practices achieved 
the highest mean score (4.133), Environmental Risk Factors scored the lowest 
(2.812), indicating challenges in addressing sustainability. The study used the 
PROCESS macro for mediation and moderation analysis. Findings revealed that 
Environmental Governance significantly influences Corporate Green Innova-
tion (coefficient = 0.750, p < 0.05), whereas AI Technology’s direct impact was 
not statistically significant (coefficient = −0.011, p = 0.707). The interaction 
between AI and Environmental Governance was not significant (coefficient = 
−0.032, p = 0.503), suggesting the moderating role of governance is minimal. 
The study concludes that AI alone does not directly drive green innovation in 
Ghana’s manufacturing sector. Strong environmental governance is pivotal, of-
fering a framework for policymakers to foster AI-driven, sustainable industrial 
practice. 
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1. Introduction 

Global manufacturing industries are undergoing a profound transformation driven 
by escalating concerns over resource depletion, environmental degradation, and the 
urgent need for sustainable economic growth (Moalla & Miçooğulları, 2023). As 
climate change and ecological pressures intensify, manufacturers worldwide must 
reexamine their production practices and adopt green development strategies that 
reduce waste, lower energy consumption, and mitigate environmental impacts 
(Zhang & Nakatani, 2024). This convergence of industrial modernization and sus-
tainability imperatives has spurred widespread interest in integrating advanced dig-
ital technologies, most notably Artificial Intelligence (AI) and Internet of Things 
(IoT) systems into production processes (Tan et al., 2022). Such integrations prom-
ise to optimize production efficiency and enable manufacturing enterprises to tran-
sition toward greener, more resource-efficient models (Kracker & Sachs, 2024). 
For manufacturing sectors in emerging economies such as Ghana, where eco-
nomic growth and environmental concerns are closely intertwined, adopting AI-
driven solutions represents a critical pathway toward sustainable industrial devel-
opment. 

The manufacturing sector in Ghana, like in many Sub-Saharan African coun-
tries, is pivotal for economic diversification, job creation, and overall national de-
velopment (Adediran, 2023). However, this industrial growth often comes with 
significant environmental costs, including increased pollution, resource deple-
tion, and carbon emissions (Dong et al., 2020). The concept of “green develop-
ment” in manufacturing thus emphasizes a paradigm shift towards production 
systems that are economically viable, environmentally sound, and socially respon-
sible (Kalchschmid et al., 2023). AI technologies offer a suite of tools that can fa-
cilitate this transition by enabling predictive maintenance to reduce waste, opti-
mizing energy consumption, improving supply chain logistics for lower emissions, 
and fostering innovation in green product design (Picaud-Bello et al., 2024). Despite 
the potential benefits, the adoption of AI in Ghanaian manufacturing enterprises 
faces several hurdles. These include the high initial investment costs, a shortage of 
skilled AI professionals, inadequate digital infrastructure, and a lack of awareness 
regarding AI’s potential for green development (Maghfirah & Eni, 2024). Further-
more, the existing environmental governance framework may not be sufficiently 
robust or adapted to guide and incentivize the integration of AI for sustainable out-
comes (Anthuvan & Maheshwari, 2025). Understanding the interplay between AI 
technology adoption, corporate green innovation, sustainable manufacturing 
practices, and the overarching role of environmental governance is crucial for un-
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locking the potential of AI in Ghana’s green industrial transformation (Abbas & 
Mahmood, 2025). 

The primary aim of this study is to investigate and analyze the core research 
questions central to understanding the interplay between AI technology and green 
development within Ghana’s manufacturing sector. These objectives seek to sys-
tematically assess critical dimensions of AI adoption, including its technological 
feasibility, socio-economic implications, and environmental outcomes, within the 
context of sustainable industrialization. Through this research process, the study 
aims to achieve a nuanced understanding of how AI-driven innovations can ad-
dress sustainability challenges while contributing novel insights to the existing 
body of knowledge on technology-enabled green transitions (Shirahase, 2023). 
Specifically, the research objectives are: 1) To assess the current level of AI tech-
nology adoption in Ghanaian manufacturing enterprises, and 2) To examine the 
relationship between AI technology adoption and corporate green innovation. 
The integration of Artificial Intelligence (AI) technology has become a pivotal fac-
tor in driving green development in manufacturing enterprises globally (Susithra 
& Vasantha, 2024). In the context of Ghana, the adoption of AI has the potential 
to revolutionize sustainable practices in the manufacturing sector by enhancing op-
erational efficiency, reducing resource consumption, and promoting eco-friendly 
innovation (Ram et al., 2018). However, understanding the combined impact of 
AI technology, organizational culture, and managerial commitment to green man-
ufacturing practices requires a more comprehensive and interconnected approach, 
considering their complexity and mutual effects (Lestari & Purwa Setya, 2020). 
This study seeks to fill this gap by providing empirical evidence from Ghana, con-
tributing to both academic discourse and practical policymaking aimed at foster-
ing a sustainable and technologically advanced manufacturing sector in the re-
gion. 

2. Materials and Methods 
2.1. Study Setting 

The study was conducted in the manufacturing industries in Ghana. A country of 
western Africa, situated on the coast of the Gulf of Guinea. Although relatively small 
in area and population, Ghana is one of the leading countries of Africa, partly 
because of its considerable natural wealth and partly because it was the first black 
African country south of the Sahara to achieve independence from colonial rule 
(Shomade, 2021). The Ghanaian government’s various industrialization policies, 
initiated since independence, have resulted in the establishment of a wide range 
of manufacturing industries (Figure 1), notably the production of food, beverages, 
tobacco, textiles, clothes, footwear, timber and wood products, chemicals and 
pharmaceuticals, and metals, including steel and steel products. These are manu-
factured mostly for local consumption (Chepkoech et al., 2024). Ghana has a large 
and very active consumer and industrial products and services sector that pro-
vides products and services to the Ghanaian economy and the West African sub-
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region. This sector is poised for significant growth over the next few years, and 
new policies have been put in place by the government to create an enabling en-
vironment, with an emphasis on manufacturing and exports. The export drive led 
to the creation of free zone areas, resulting in companies setting up in the country 
to export products to the sub-region and to the world at large. The consumer and 
industrial products and services sector is dominated by subsidiaries of multinational 
companies and medium-sized local companies, including Unilever, Coca-Cola, 
Toyota, and Accra Brewery. There is increasing investment in the economy due to 
the institutionalization of democracy in Ghana since 1992 and the relatively stable 
macroeconomic environment. 
 

 
Figure 1. Map of Ghana showing the manufacturing Industries (Onyinah, 2012). 

2.2. Research Design 

This study employed a quantitative research approach utilizing a cross-sectional 
survey design. This design was chosen to gather data on AI technology adoption, 
corporate green innovation, sustainable manufacturing practices, environmental 
governance, and environmental risk factors from a sample of manufacturing en-
terprises in Ghana at a single point in time. The quantitative approach allows for 
statistical analysis of relationships between variables and testing of hypotheses de-
rived from the literature. While mixed-method techniques can offer a richer un-
derstanding by combining qualitative and quantitative data (McNabb, 2020), the 
current study focused on a quantitative assessment to establish statistical relation-
ships and generalizable findings within the Ghanaian manufacturing context. 
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2.3. Study Population and Sample Size Estimation 

The study population included 400 employees working in manufacturing enter-
prises across Ghana, representing various subsectors such as agro-processing, tex-
tiles, metal fabrication, and chemical production. These individuals were selected 
based on their involvement in operational, managerial, or technological roles that 
interface with sustainable practices and AI technologies. The estimated population 
size was derived from an aggregated list of registered manufacturing companies 
in Ghana, with a total workforce estimate exceeding 10,000 employees. Using 
Cochran’s formula for sample size determination in large populations, with a 95% 
confidence level and a 5% margin of error, the minimum required sample size was 
calculated to be approximately 384. However, to enhance the robustness and rep-
resentativeness of the findings, a sample size of 455 participants was targeted. Af-
ter data cleaning, 400 valid responses were retained, achieving a usable response rate 
of 87.9% of the original target, which ensures the statistical reliability of the study 
outcomes. 

2.4. Ethical Consideration 

This study adhered strictly to ethical research standards. Ethical clearance was ob-
tained from the Anhui University review board before data collection. Participa-
tion in the study was entirely voluntary, and informed consent was obtained from 
all respondents. Each participant was assured of the confidentiality and anonym-
ity of their responses. Furthermore, data were stored securely and used solely for 
academic and research purposes. Respondents had the right to withdraw from the 
study at any time without penalty. No personal identifiers were collected, and all 
information was aggregated to ensure privacy and impartiality. 

2.5. Sampling Technique 

A multi-stage sampling approach was adopted. First, manufacturing firms were 
stratified by size (small, medium, large) and industry sub-sector (food and bev-
erages, textiles, pharmaceuticals, metal fabrication) to ensure diversity. Within 
selected firms, a convenience sampling approach combined with purposive ele-
ments was used to recruit respondents who were knowledgeable about their or-
ganization’s technology adoption, innovation activities, and environmental prac-
tices. This typically included managers, engineers, and senior technical staff. A 
key limitation stems from the use of non-probability sampling (convenience and 
purposive methods) for selecting firms and recruiting respondents. While strat-
ification ensured initial diversity, this approach limits the statistical generaliza-
bility of the findings to the broader Ghanaian manufacturing industry. The po-
tential for self-selection bias means participating firms and individuals (e.g., man-
agers, engineers) may not be fully representative. Consequently, the results are 
most applicable to firms similar to those in the study, rather than the entire pop-
ulation across Ghana. A total of 400 valid responses were collected and used for 
the final analysis. The sample size was deemed adequate for the statistical tech-
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niques employed, including correlation and regression-based moderated medi-
ation analysis. 

2.6. Data Collection Tool 

The primary data collection tool was a structured, self-administered online ques-
tionnaire designed to capture both demographic details and responses to key con-
structs relevant to the study. The questionnaire included standardized items adapted 
from existing literature, covering five main areas: AI technology adoption, corpo-
rate green innovation, sustainable manufacturing practices, environmental govern-
ance, and environmental risk factors. Most items used a 5-point Likert scale (1 = 
Strongly Disagree to 5 = Strongly Agree). The tool was pilot-tested for clarity and 
contextual relevance before full deployment. 

2.7. Instrument Reliability and Validity 

The reliability of the measurement scales was assessed using Cronbach’s alpha, a 
common measure of internal consistency (Cox & Holcomb, 2021). Cronbach’s al-
pha indicates the degree to which items within a scale are interrelated and measure 
the same underlying concept. Acceptable reliability scores (typically α ≥ 0.70) en-
sure that the survey findings are consistent and that measurement inaccuracy is 
minimized. For this study, all constructs demonstrated acceptable levels of inter-
nal consistency, supporting the reliability of the measures used. 

2.8. Data Analysis 

The collected data was analyzed using SPSS 26 and AMOS 26. The process included 
data cleaning, descriptive statistics, correlation analysis, and normality testing. 
Exploratory Factor Analysis (EFA) and Confirmatory Factor Analysis (CFA) 
were used to assess the factorial structure and validate measurement constructs. 
Cronbach’s Alpha and Composite Reliability (CR) scores were calculated to en-
sure the reliability of the scales. Harman’s single-factor test was employed to check 
for common method bias. To investigate complex relationships, moderated media-
tion analysis was conducted using Hayes’ PROCESS macro (Model 7) for SPSS, ex-
amining how AI adoption influences green manufacturing outcomes through an 
intermediary factor (corporate green innovation), conditioned by a moderator (en-
vironmental governance). 

3. Results 
3.1. Demographic Profile of Respondents 

The demographic data extracted from workers in different manufacturing indus-
tries in Ghana provides a detailed picture of the workforce composition. Table 1 
outlines gender distribution, age, marital status, level of education, and years of 
working experience. The workforce was predominantly male, with 70% (280 re-
spondents) being male and 30% (120 respondents) female. The largest age group 
was 30 - 40 years, accounting for 55.0% (220 respondents). This was followed by 
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the 18 – 29 years at 20.0% (80 respondents). Smaller proportions represented 
those in their forties, fifties, and sixties, indicating a relatively youthful workforce in 
the manufacturing sector. The respondents generally had high education levels, sug-
gesting a skilled workforce capable of engaging with new technologies and practices. 
This demographic profile suggests that the Ghanaian manufacturing workforce, 
particularly in the surveyed enterprises, is relatively young, predominantly male, 
and possesses a good educational background, which could be conducive to the 
adoption of new technologies like AI. 
 

Table 1. Demographic characteristics of the respondent (N = 400). 

Variable Category Frequency Percentage (%) 

Gender 
Female 120 30.0 

Male 280 70.0 

Age 

18 - 29 80 20.0 

30 - 40 220 55.0 

41 - 50 60 15.0 

51 - 60 40 10.0 

Marital status 

Single 60 15.0 

Married 240 60.0 

Separated 30 7.5 

Divorced 70 17.5 

Education level 

Senior high or below 100 25.0 

Bachelors 200 50.0 

Masters 65 16.25 

Doctoral or higher 35 8.75 

Number of years in the workforce 

Less than 2 years 35 8.75 

2 to 5 years 255 63.75 

6 to 10 years 100 25.00 

More than 10 years 10 2.50 

Size of the organization 

Small (1 - 50 employees) 25 6.25 

Medium (51 - 200 employees) 275 68.75 

Large (201 - 300 employees) 70 17.50 

Above 300 employees 30 7.50 

3.2. AI Technology Adoption and Application 

The study found that 70% of surveyed organizations in Ghana reported adopting 
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some form of AI technology (Table 2). The most common AI applications included 
predictive maintenance (50%), energy management systems (25%), quality control 
using computer vision (20%), and supply chain optimization (5%) (Makkar et al., 
2019). The primary motivations for AI adoption were improving efficiency (45%) 
and enhancing product quality (47.5%). Only 5% of organizations adopted AI explic-
itly to support green practices. Despite the low explicit focus on green practices as a 
driver for AI adoption, the impact on sustainable development was evident: 25% re-
ported reduced energy consumption, 50% noted improved resource efficiency, 15% 
observed minimized waste production, and 10% saw lowered carbon emissions. Key 
challenges to AI adoption included high implementation costs (60%), limited infra-
structure (20%), and a lack of skilled personnel (15%) (Ahadi et al., 2023). 
 

Table 2. Identify AI technology adoption levels and their impact on Ghana’s green practices. 

Variable Category Frequency Percentage (%) p-value 

Has your organization adopted any AI technologies?     

 Yes 280 70.00 0.224 

 No 100 25.00  

 Not Aware 20 5.00  

If yes, which AI technologies are you currently 
using? (N = 280) 

    

 Predictive maintenance 140 50.00 0.000 

 Quality control (e.g., computer 
vision) 

56 20.00  

 Energy management systems 70 25.00  

 Supply chain optimization 14 5.00  

What are the main reasons for adopting AI 
technologies? (N = 280) 

    

 To improve efficiency 126 45.00  

 To enhance product quality 133 47.50 0.002 

 To reduce costs 7 2.50  

 To support green/sustainable 
practices 

14 5.00  

How has AI technology contributed to your 
organization’s green development efforts? (N = 280) 

    

 Reduced energy consumption 70 25.00 0.030 

 Improved resource efficiency 140 50.00  

 Minimized waste production 42 15.00  

 Lowered carbon emissions 28 10.00  
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Continued 

What challenges has your organization faced in 
adopting AI technologies? (N = 400 or N = 280?) 

    

 High costs of implementation 240 60.00 0.050 

 Limited infrastructure 80 20.00  

 Lack of skilled personnel 60 15.00  

 Resistance to change 20 5.00  

Source: Field data (2024). 

3.3. Descriptive Statistics and Correlation Analysis 

Table 3 presents key correlations and descriptive statistics for variables related to 
corporate sustainability and technology adoption. The most salient finding is the 
strong, statistically significant positive correlation between AI Technology (AI) 
and Environmental Governance (EG) (r = 0.618, p < 0.01). This robust association 
suggests organizations leveraging AI are more likely to implement rigorous envi-
ronmental oversight frameworks, possibly using AI for tasks like emissions mon-
itoring or regulatory compliance, or conversely, that robust governance drives 
strategic AI adoption for sustainability goals (Sharma, 2024). A moderate positive 
correlation emerges between Corporate Green Innovation (CGI) and Sustainable 
Manufacturing Practices (SMPs) (r = 0.202), indicating complementary efforts 
companies pursuing eco-friendly product/process innovation also tend to adopt 
sustainable operational practices. However, most other relationships are weak or 
non-significant (Oliveira, 2018). For instance, AI shows negligible links to CGI (r = 
0.02) and SMPs (r = 0.013), implying its role is specialized within governance rather 
than broadly tied to innovation or manufacturing. Similarly, Environmental Risk 
Factors (ERF) show isolated, near-zero correlations with all variables (e.g., ERF-
CGI: r = 0.047; ERF-SMPs: r = 0.042), suggesting perceived risks are disconnected 
from current sustainability initiatives (Sacopulos & Matchar, 2025). 
 

Table 3. Correlations and descriptive statistics. 

Variable Mean SD AI CGI SMPs EG ERF 

AI 3.50 0.85 1     

CGI 3.60 0.75 0.020 1    

SMPs 3.70 0.80 0.013 0.202** 1   

EG 3.80 0.90 0.618** 0.150** 0.100 1  

ERF 3.40 0.70 0.035 0.047 0.042 0.028 1 

Note: **p < 0.01 (2-tailed). AI Tech = AI Technology; CGI = Corporate Green Innovation; SMPs = Sustainable Manufacturing 
Practices; EG = Environmental Governance; ERF = Environmental Risk Factors. 

3.4. Moderated Mediation Analysis 

The overall regression model was statistically significant (F(3, 396) = 109.75, p < 
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0.001) and explained 45.3% of the variance in Corporate Green Innovation (R2 = 
0.453). The direct effect of AI Technology on CGI was found to be non-significant 
(B = −0.011, SE = 0.029, p = 0.707). This indicates that, when controlling for Envi-
ronmental Governance, AI Technology adoption does not have a statistically signif-
icant direct impact on CGI in the surveyed enterprises. This fails to support H1a. 
Environmental Governance, however, demonstrated a strong, positive, and statis-
tically significant effect on CGI (B = 0.750, SE = 0.048, p < 0.001). This suggests that 
higher perceived levels of environmental governance are associated with higher 
levels of corporate green innovation, supporting H2. The interaction term (AI 
Technology × Environmental Governance) was not statistically significant (B = 
−0.032, SE = 0.048, p = 0.503). This implies that Environmental Governance does 
not significantly moderate the relationship between AI Technology and CGI. The 
impact of AI on CGI (or lack thereof) does not significantly differ across varying 
levels of environmental governance (Table 4). 
 

Table 4. Regression results for predicting corporate green innovation (CGI) (N = 400). 

Predictor Coefficient (B) Std. Error (SE) t-value p-value LLCI ULCI 

Constant 1.852 0.215 8.614 <0.001 1.429 2.275 

AI Technology (AI) −0.011 0.029 −0.376 0.707 −0.068 0.046 

Environmental Governance (EG) 0.750 0.048 15.625 <.001 0.656 0.844 

Interaction (AI × EG) −0.032 0.048 −0.670 0.503 −0.126 0.062 

R2 0.453      

Adjusted R2 0.449      

F 109.75   <0.001   

The overall model was significant (F(3, 396) = 109.75, p < 0.001)), explaining 45.3% of the variance in Corporate Green Innovation 
(R2 = 0.453). Source: Field data (2023). LLCI = Lower Limit Confidence Interval; ULCI = Upper Limit Confidence Interval. 

4. Discussion 

This study sought to unravel the complex relationships between AI technology adop-
tion, Corporate Green Innovation (CGI), and Environmental Governance (EG) 
within Ghanaian manufacturing enterprises. The findings provide several key in-
sights into the dynamics of green transformation in a developing economy con-
text, highlighting the primacy of governance over technology as a direct driver of 
green innovation. The demographic profile of the workforce in the surveyed Gha-
naian manufacturing enterprises is predominantly male, relatively young (major-
ity 30 - 40 years), and with high levels of education (over 75% holding Bachelor’s 
degrees or higher)—presents a generally favorable landscape for the adoption and 
integration of new technologies like AI. A younger, educated workforce is often 
associated with greater technological literacy, adaptability, and a willingness to 
engage with innovative practices (Brown & Wyatt, 2010). This demographic com-
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position could be a crucial asset for Ghanaian manufacturing firms as they nav-
igate the complexities of AI implementation. However, the challenge of a “lack of 
skilled personnel” (15%) still highlights a critical gap. While general education is 
high, specialized skills in AI, data science, and machine learning are necessary to 
fully leverage these technologies for complex tasks like green innovation (Chhabra 
et al., 2025). 

The study reveals a high AI adoption rate (70%) among surveyed firms, primar-
ily driven by objectives of enhancing product quality and improving operational 
efficiency. This aligns with global trends where AI is initially adopted for core busi-
ness performance improvements, such as optimizing production systems and sup-
ply chains (Alpan et al., 2023). Common applications like predictive maintenance 
(50% of adopters) and energy management systems (25% of adopters) inherently 
possess green potential by optimizing resource use and reducing energy consump-
tion (Javaid et al., 2022). This is evidenced by respondents reporting improved re-
source efficiency (50%) and reduced energy consumption (25%) as AI contributions. 
However, a critical finding is that explicit green or sustainable practices were a 
direct motivation for AI adoption in only a small fraction of firms (5%). This sug-
gests that while AI applications may yield ancillary environmental benefits, these 
are often by-products of efficiency-seeking rather than intentional green strate-
gies. This “accidental environmentalism” may limit the full realization of AI’s 
green potential. To maximize AI’s contribution to sustainability, a more deliberate 
and strategic integration of green objectives into AI deployment roadmaps is nec-
essary (García-Maroto et al., 2020). The significant barriers of high implementa-
tion costs (60%) and limited infrastructure (20%) further underscore the challenges, 
particularly for firms in developing economies, in making substantial investments 
in AI, let alone tailoring them for specific green outcomes (García-Maroto et al., 
2020). 

Contrary to our initial hypothesis (H1) and some expectations in the literature 
(Jiang, 2025), AI technology adoption did not demonstrate a statistically signif-
icant direct impact on CGI (B = −0.011, p = 0.707). This suggests that the mere 
presence or adoption of AI technologies, in isolation, may not automatically trans-
late into enhanced green innovation. This finding resonates with the argument 
that technology is an enabler whose effectiveness is contingent upon strategic im-
plementation, organizational capabilities, and a supportive ecosystem (Mitchell, 
2021). Without a clear strategic mandate to utilize AI for green purposes, its im-
pact on CGI may be diluted or overshadowed by its primary deployment for non-
green objectives like cost reduction. This highlights the importance of Human-
Cyber-Physical Systems (HCPS), where human intent and organizational systems 
must effectively direct cyber and physical technologies toward specific goals (Wang 
et al., 2022). The most powerful predictor of CGI was Environmental Governance 
(B = 0.750, p < 0.001), strongly supporting H2. This finding suggests that the in-
stitutional and organizational context encompassing regulations, corporate pol-
icies, leadership commitment, and stakeholder pressures is the primary driver of 
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green innovation in the Ghanaian manufacturing sector (Ning et al., 2021). Firms 
are more likely to invest in developing green products, processes, and business mod-
els when they operate within a robust governance framework that incentivizes or 
mandates such behavior (Boehe & Becerra, 2022). This highlights the critical role 
of government policy and corporate leadership in setting the green agenda and 
creating the necessary conditions for sustainable transformation (Green-Pedersen 
& Princen, 2016). 

The non-significant interaction effect (B = −0.032, p = 0.503) fails to support 
H3, indicating that the strength of environmental governance does not alter the 
(non-existent) direct relationship between AI and CGI (Seth et al., 2025). This 
could imply that the current forms of environmental governance in Ghana may 
not be sophisticated enough to specifically leverage or amplify the potential of ad-
vanced technologies like AI. For instance, regulations might focus on traditional 
pollution control rather than incentivizing technology-driven eco-innovations 
(Chaugule, 2024). For governance to effectively moderate this relationship, it may 
need to evolve to include technology-specific incentives, standards for AI-driven 
environmental monitoring, and support for digital infrastructure that enables green 
AI applications (Krishna Pasupuleti, 2024). 

This study contributes to several theoretical streams. Firstly, it extends the Re-
source-Based View (RBV) by showing that technological resources like AI may 
not directly translate into specific performance outcomes like CGI without being 
orchestrated by other organizational capabilities and strategic direction. Secondly, 
it reinforces Institutional Theory by demonstrating the strong direct influence of 
EG on CGI, emphasizing the power of the institutional context in shaping corpo-
rate environmental behavior. Thirdly, it contributes to the growing literature on 
AI and sustainability by providing empirical evidence from a developing country 
(Noman et al., 2022), highlighting that the pathways observed in developed econ-
omies may not be directly transferable. 

This study, while providing valuable insights, has several limitations. Firstly, its 
cross-sectional design captures relationships at a single point in time, precluding 
causal inferences. Longitudinal studies are needed to track the evolution of AI adop-
tion and its impact on green outcomes over time. Secondly, the data were self-re-
ported by employees, which may be subject to common method bias or social de-
sirability bias, although steps were taken to ensure anonymity. Future research could 
triangulate findings with objective firm-level data on environmental performance 
and AI investments. Thirdly, the study was conducted in Ghana, and its findings 
may not be generalizable to other developing countries with different industrial 
structures, institutional contexts, or levels of technological development (Akubia 
& Andriana, 2024). Comparative studies across different African nations would 
be beneficial. Future research could explore other potential moderators (e.g., firm 
size, technological absorptive capacity) or mediators (e.g., data analytics capabili-
ties) in the AI-sustainability linkage. Qualitative case studies could also provide 
deeper insights into the mechanisms and contextual factors influencing how firms 
leverage AI for green innovation, for example, through the lens of digital twin im-

https://doi.org/10.4236/lce.2025.163005


A. Linda, X. M. Li 
 

 

DOI: 10.4236/lce.2025.163005 106 Low Carbon Economy 
 

plementation (Smit et al., 2024). 

5. Conclusion 

This study offers a nuanced perspective on the role of Artificial Intelligence in 
fostering green development within Ghanaian manufacturing enterprises. While 
AI adoption is relatively high and driven by efficiency and quality imperatives, its 
direct contribution to Corporate Green Innovation appears limited without explicit 
strategic intent and supportive governance. The central finding is that Environmen-
tal Governance emerges as the critical direct driver of CGI, underscoring the par-
amount importance of a robust institutional and corporate policy framework in 
guiding sustainable transformation. The potential of AI to contribute to a greener 
manufacturing sector in Ghana is not diminished by these findings; rather, it is clar-
ified. AI’s role appears to be that of a powerful enabler, whose green potential is un-
locked when it is strategically aligned with corporate innovation goals that are, in 
turn, shaped by strong environmental governance. This suggests a pathway where 
firms, motivated by a strong governance environment, invest in CGI and then 
leverage AI as a tool to achieve those green innovation objectives more effectively. 
For Ghana to effectively harness AI for sustainable industrial development, a multi-
pronged approach is needed. This involves manufacturing firms moving beyond 
“accidental environmentalism” to strategically align AI with green objectives. Con-
currently, governmental and regulatory bodies must strengthen environmental 
governance, not just through traditional compliance measures but by creating tar-
geted incentives for AI-driven green solutions, supporting digital infrastructure, 
and fostering the development of specialized AI skills. This could include promot-
ing sustainable practices in emerging areas like additive manufacturing, encouraging 
green human resource management to build a sustainability-oriented workforce, 
and adopting resource-efficient methods like sustainable prototyping. By under-
standing and navigating these complex interrelationships, Ghanaian manufactur-
ing can move towards a future that is both technologically advanced and environ-
mentally sustainable. 
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