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Abstract 

This study investigates the transformative role of Artificial Intelligence (AI) in advancing the 

digital economy by enhancing productivity, innovation, and economic performance across the 

primary, secondary, and tertiary sectors. Employing a systematic literature review of 

peer-reviewed sources from 2018 to 2025, the analysis explores AI’s economic impacts, 

qualitative organizational transformations, and sectoral adoption variations. Findings reveal that 

AI significantly boosts productivity, operational efficiency, and decision-making through 

automation and data analytics, while also driving innovation and improved service delivery. 

However, sectoral disparities in adoption arise from differences in technological readiness, 

infrastructure, and digital maturity. Challenges such as skill-biased labor market shifts, uneven 

digital access, and organizational preparedness hinder equitable benefit distribution. The study 

proposes an integrated cross-sectoral framework for understanding AI-enabled economic 

transformation and emphasizes the need for effective governance, workforce reskilling, and 

inclusive digital infrastructure to realize sustainable and equitable growth in the digital 

economy. 

Keywords: Artificial Intelligence, Digital Economy, Economic Growth, Productivity, Digital 

Transformation, Innovation, Sectoral Analysis, Automation, Workforce Reskilling, Sustainable 

Development.  



 
Artificial Intelligence and the Digital Economy: A Review of Productivity, 

Growth and Economic Transformation 

Introduction 

The rapid advancement of Artificial Intelligence (AI) has significantly transformed the way 

economies, businesses, and societies operate. Initially developed as a concept within computer 

science, AI has evolved into a foundational technology of the digital economy through 

developments in machine learning, generative AI, data analytics, cloud computing, and 

automation. These innovations have enhanced productivity, improved decision-making, and 

created new opportunities for innovation across industries. As governments and organizations 

increasingly invest in AI-driven technologies, AI is emerging as a major driver of economic 

growth and digital transformation. However, while the benefits of AI are substantial, they are 

not distributed equally across sectors and economies, making it important to examine its broader 

impact on economic development. 

Economic growth can be understood through two dimensions: economic expansion and 

qualitative development. Economic expansion refers to measurable increases in economic 

output, such as Gross Domestic Product (GDP), productivity, investment, income generation, 

and employment creation, reflecting the numerical growth of economic activity. In contrast, 

qualitative development focuses on improvements in the quality and sustainability of growth 

through innovation, technological advancement, skill development, efficient resource 

utilization, and enhanced living standards. While economic expansion measures the extent of 

growth, qualitative development evaluates how effectively and sustainably that growth is 

achieved. Although numerous studies have examined specific sectors and applications of AI, 

limited research provides an integrated assessment of its economic and qualitative impacts 

across different sectors of the economy. 

Artificial Intelligence has contributed to both dimensions of growth. By automating routine 

tasks, reducing operational costs, improving forecasting, and enhancing productivity, AI 

supports quantitative economic expansion. At the same time, it drives qualitative growth by 

fostering innovation, improving service delivery, enabling personalized consumer experiences, 



 
and accelerating digital transformation. Consequently, AI has become a key source of value 

creation within the modern digital economy. 

The impact of AI is visible across all major sectors of the economy. In the primary sector, 

including agriculture and dairy farming, AI supports precision farming through satellite and 

drone monitoring, predictive weather forecasting, soil analysis, and livestock health tracking. 

These technologies help improve productivity, optimize resource utilization, and reduce waste. 

However, adoption remains limited among many small-scale farmers due to affordability and 

infrastructure constraints. 

The secondary sector, comprising manufacturing and industrial production, has witnessed 

greater AI integration through smart manufacturing, predictive maintenance, automated quality 

control, and intelligent supply-chain management. AI enables real-time monitoring of 

production processes, reduces equipment downtime, improves product quality, and enhances 

operational efficiency. Despite these benefits, challenges such as high implementation costs, 

cybersecurity concerns, and workforce reskilling requirements continue to affect adoption. 

The tertiary sector demonstrates the highest level of AI penetration. Banking and financial 

services use AI for fraud detection, risk assessment, customer support, and personalized 

financial solutions. Healthcare employs AI for diagnostics, treatment planning, and patient 

monitoring, while transportation and logistics benefit from route optimization and intelligent 

fleet management. Retail and service industries increasingly rely on AI-driven analytics, 

demand forecasting, and personalized customer experiences to improve competitiveness and 

efficiency. 

As investments in digital infrastructure, AI education, workforce development, and innovation 

ecosystems continue to grow, AI is expected to play an even greater role in shaping future 

economic development. Nevertheless, existing literature primarily focuses on broad outcomes 

such as productivity gains, employment effects, and technological adoption. Many studies 

examine specific sectors or individual applications of AI, while limited research provides an 

integrated assessment of both the quantitative and qualitative impacts of AI across different 

sectors of the economy. This paper addresses this gap by examining AI's contribution to the 

digital economy across the primary, secondary, and tertiary sectors, guided by three research 

questions: (1) How has AI adoption affected measurable indicators of economic expansion - 



 
productivity, GDP contribution, investment, and employment - within each sector? (2) How has 

AI contributed to qualitative development, including innovation, resource efficiency, service 

quality, and skill enhancement? (3) What factors - such as implementation cost, infrastructure 

readiness, and workforce capability - influence the pace and extent of AI adoption across 

sectors? Together, these questions guide an integrated assessment of AI's quantitative and 

qualitative contribution to digital economic transformation. 

Methodology  

​

This paper adopts a qualitative research approach, grounded in a systematic literature review. 

This study critically engages with existing scholarly articles, books, policy documents, and 

institutional publications to develop a nuanced understanding of how Artificial Intelligence is 

reshaping the digital economy across sectors. Given the breadth and complexity of the subject, 

synthesising established knowledge was deemed more analytically productive than any single 

primary data collection effort. 

The literature was examined comparatively to surface competing perspectives and recurring 

themes across productivity, economic growth, labour markets, sectoral transformation, and the 

challenges inherent to AI adoption. Findings were derived through thematic analysis, tracing 

patterns across sources, interrogating theoretical frameworks against empirical evidence, and 

interpreting areas of both convergence and divergence within the field. Where quantitative 

figures such as GDP statistics and productivity trends appeared within the reviewed literature, 

they were incorporated as supporting evidence to contextualise and substantiate the thematic 

arguments advanced throughout the paper, rather than treated as independently analysed data 

points.​

​

3.1 Research Approach 

The research follows a literature based approach, in which relevant articles related to Artificial 

Intelligence and digital economy were studied, reviewed and interpreted. The literature selected 

for this study included peer- reviewed journal articles, institutional reports, policy documents, 



 
books and publications. These sources were chosen to understand the different aspects of 

adoption and its economic implications across primary, secondary and tertiary sectors. 

The reviewed literature was used to explore the contribution of AI in increasing productivity and 

economic growth and to construct a broader understanding of how Artificial Intelligence 

influences the transformation of the digital economy. By combining the findings from diverse 

sources, thematic analysis provides a structured framework for understanding both the economic 

opportunities and structural challenges that are associated with the increasing integration of AI 

and digital economies covering themes such as GDP and productivity, sectoral transformation, 

employment, global disparities etc. 

3.2 Data Sources and Search Strategy 

The data which is used in this study is all secondary in nature. It is taken from Journal articles, 

academic books, institutional reports and digital publications. The following platforms were 

used to find relevant literature on the topic:​

Databases/ Platforms: Science direct, Google Scholar, MDPI, IEEE Xplore, ACM digital library, 

Springer, Emerald Publishing, Google Books. Institutional Official Sources: IMF, UNDP, World 

Economic Forum, PwC, PIB(Government of India), MIT Economics, NITI Aayog(via 

Economic Times). Smaller/Other Sources: Indonesian Academic Journal, Journal of Innovation 

and Entrepreneurship Research, iLearning Journal Centre, Asian Journal of Economics, 

Business and Accounting, Centre for Global Development(CDG), Global Skill Development 

Council. 

Literature published between 2018 and 2025 was selected for this study. The primary terms that 

were used are:“AI and digital economy”, “AI and productivity", “Sectoral Transformation and 

AI”, “AI and GDP” “AI and Economic Growth”, “AI and employment”, “AI and developing 

economies”. Boolean operators such as AND,OR were applied to find and improve relevance. 



 

 



 
3.3 Inclusion and Exclusion Criteria 

To maintain focus and analytical rigour, clear inclusion and exclusion criteria were applied 

throughout the literature selection process. Studies were included if they directly examined the 

relationship between Artificial Intelligence and the digital economy, with particular relevance to 

productivity, employment, sectoral transformation, GDP measurement, and economic growth. 

Preference was given to peer-reviewed journal articles, conference papers, and academic book 

chapters published between 2018 and 2025, a period chosen deliberately to reflect the phase of 

large-scale AI commercialisation and deployment rather than early-stage theoretical discussion. 

Sources addressing sectors such as finance, healthcare, manufacturing, logistics, and 

e-commerce were prioritised given their demonstrated sensitivity to AI-driven structural change 

and the volume of empirical work available on them. 

Studies were excluded if they engaged with AI solely from a technical or engineering 

standpoint, without connecting their findings to economic or social outcomes. Literature 

examining the digital economy without substantive reference to AI-driven transformation was 

similarly set aside. Sources predating meaningful AI adoption at scale were omitted unless they 

provided foundational theoretical grounding that remained relevant to the current analysis. 

Blogs, opinion pieces, and non-peer-reviewed commentary were consulted only for contextual 

background and were not treated as primary evidence. 

3.4 Analytical Framework 

The literature for this study was analysed and organised around three main analytical 

dimensions, based on the objectives and research gap identified in the paper. 

Quantitative Impact: This dimension focused on the measurable economic outcomes that 

existing literature associates with AI adoption within the digital economy. Indicators such as 

GDP contribution, labour productivity, investment trends, employment generation, and income 

effects were drawn from the reviewed studies and interpreted thematically, rather than 

independently computed or statistically analysed. To ensure empirical credibility, claims 

regarding productivity and growth were cross-referenced across multiple sources and prioritised 



 
where corroborated by institutional data from bodies such as the IMF, World Economic Forum, 

and OECD, or by econometric findings published in peer-reviewed journals from 2020 onwards.  

Qualitative Impact: Focused on broader structural changes associated with AI. This included 

changes in innovation, business models, service quality, workforce structures, digital 

accessibility, human capital development, and sustainability across different sectors of the 

economy. 

Sectoral Analysis: Examined how the impact of AI differs across sectors. The study analysed 

AI-driven transformation within the primary sector (agriculture), secondary sector 

(manufacturing and industry), and tertiary sector (services, finance, healthcare, logistics, and 

e-commerce). 

Organising the literature through these three dimensions helped the study examine both the 

measurable and structural effects of AI on the digital economy. It also allowed the paper to move 

beyond single-sector discussions and provide a more complete understanding of AI-driven 

economic transformation across industries. 

Results 

4.1 Productivity Enhancement and Operational Efficiency Through AI Adoption 

In recent times, AI has emerged as a key driving force of productivity and operational efficiency 

in the digital economy. The first major contribution is how automation technologies and 

machine learning enable firms to streamline routine tasks, improve decision-making, and reduce 

operational costs. AI-enabled automation reduces decision latency and process inefficiencies, 

allowing organizations to improve output and operational performance. Research evidence 

suggests that firms investing in AI experience higher productivity through enhanced innovation, 

data-driven processes, and workflow automation. Studies highlighted that employing AI 

increased firm sales by up to 8.3%, while firms adopting data-driven decision-making 

demonstrated greater productivity than their competitors. 

Recent experimental and quasi-experimental evidence corroborates these firm-level estimates 

with stronger causal identification: Brynjolfsson, Li and Raymond (2023) document a 14–15% 



 
productivity increase among customer-support agents given access to a generative AI assistant, 

Noy and Zhang (2023) report a 37% reduction in task completion time for professional writing 

tasks in a randomized setting, and Peng et al. (2023) find developers completing coding tasks 

55.8% faster with AI pair-programming tools. Firm-level census evidence similarly links AI 

adoption to measurable growth in output per worker, though effect sizes vary considerably with 

firm size and sector. However, these benefits often materialise with a time lag, as firms must 

invest in complementary assets, skills, and organizational changes to fully realise AI’s 

productivity potential. Notably, while this micro-level evidence base is now robust, the 

mechanisms through which such task- and firm-level gains aggregate into economy-wide 

productivity growth remain empirically underexplored, a gap this study directly addresses. 

4.2 Cross-Sectoral Analysis: Primary, Secondary, and Tertiary Paradigms​

​

The empirical findings confirm that AI acts as a general-purpose technology (GPT), meaning its 

penetration scales in depth and structural format depending on the physical and operational 

maturity of the target sector. The data reveals a clear tiered model of adoption, where the tertiary 

sector serves as the primary incubator for consumer-facing generative frameworks, while the 

secondary and primary sectors deploy specialized deep learning, machine learning, and 

computer vision models to control physical architectures. 

Economic 

Sector 

Core AI Core 

Technologies 

Integrated 

Documented 

Quantitative 

Impacts (Value & 

Volume) 

Documented Qualitative 

Impacts (Innovation & 

Transformation) 

Primary​

(Agriculture, 

Dairy, Resource 

Extraction) 

Satellite computer 

vision, drone IoT 

arrays, predictive 

weather analytics, 

machine learning soil 

sensors. 

Measurable crop 

yield optimizations; 

direct volume 

reductions in 

chemical, fertilizer, 

and agricultural 

waste metrics. 

Transition to data-driven 

precision farming; 

automated and heightened 

long-term tracking of 

livestock health. 



 

Secondary 

(Manufacturing, 

Heavy Industry, 

Infrastructure) 

Industrial machine 

learning, automated 

edge computer vision, 

real-time predictive 

maintenance 

algorithms. 

Drastic reductions in 

factory equipment 

downtime; direct 

lowering of 

enterprise baseline 

operational costs. 

Creation of 'smarter 

factories'; heightened 

baseline product quality 

control; end-to-end global 

supply chain agility. 

Tertiary​

(Finance, 

Healthcare, 

Services, 

Content 

Creation) 

Generative AI, Large 

Language Models 

(LLMs / ChatGPT), 

predictive risk 

modeling, automated 

routing networks. 

Projections pushing 

global GDP upside 

by an additional 15% 

(PwC); massive 

structural reductions 

in creative and 

administrative 

billable hours. 

Hyper-personalized 

consumer experiences; 

automated clinical 

diagnostics support 

frameworks; rapid content 

generation engines. 

​

4.3 Macroeconomic Growth Forecasts and Firm-Level Productivity Gains​

​

The consolidation of global macroeconomic indices points toward massive economic tailwinds 

over the coming decade, though short-term aggregate indicators lean toward targeted, localised 

firm-level gains. 

●​ Global GDP Scaling: Enterprise adoption curves indicate that the total integration of 

responsible AI frameworks across automated business streams possesses the capacity to 

expand global economic output by an additional 15% by 2030 (PwC). It should be noted 

that such consultancy-derived projections sit at the optimistic end of the forecast 

distribution; peer-reviewed estimates, including Acemoglu (2024), project considerably 

more modest aggregate effects, and this forecast divergence itself signals the absence of 

settled empirical consensus on AI's macroeconomic transmission. 

●​ National Trajectories (The Indian Digital Economy Ecosystem): In the domestic 

context, India's digital economy contributed 11.74% to the gross domestic product 

throughout the 2022–2023 fiscal framework. Propelled forward by structural 



 
infrastructure anchors such as the Unified Payments Interface (UPI) and the overarching 

"Digital India" public rails, this share is on track to reach nearly 20% of the aggregate 

GDP by the year 2030 (PIB). This rapid digital scaling underpins the policy forecasts 

issued by NITI Aayog, which assert that systematic AI adoption acts as the core catalyst 

required to secure an 8-plus percent long-term economic growth rate to realize the 

"Viksit Bharat" blueprint. 

●​ Total Factor Productivity (TFP) Nuances: At the organizational level, increased AI 

penetration yields starkly positive improvements in firm-level TFP, structural innovation 

outputs, and higher domestic patent activity. However, from a macro-modeling 

perspective, researchers urge analytical moderation: optimistic macroeconomic 

projections place AI-driven aggregate TFP increases at less than ~0.5%–0.7% over a 

running 10-year horizon (MIT / IMF). This proves that AI operates via progressive 

micro-advancements and task-based augmentation rather than triggering sudden, 

unearned macroeconomic structural jumps. 

4.4 Labor Dynamics: Structural Re-Engineering, Equity, and Skill Biases​

​

The introduction of AI-enabled architectures directly disrupts established labor relationships, 

creating an evolving marketplace defined by structural transformation rather than pure job 

elimination. 

●​ The Structure and Nature of Work: Empirical studies from developing economic 

zones indicate that digital transformations maintain a net-positive long-term correlation 

with aggregate economic growth, baseline employment volumes, and individual worker 

productivity. While traditional, routine-heavy physical and administrative positions face 

contraction, this downside is neutralized by the emergence of novel, digitally native 

roles, industries, and business configurations. The overarching effect is a comprehensive 

modification of job descriptions and task allocations rather than a net reduction in the 

human workforce. This transformation-over-elimination pattern is consistent with recent 

large-sample exposure analyses (Eloundou et al., 2023; ILO, 2023), which find that most 

occupations contain a mix of augmentable and automatable tasks rather than being 

wholly displaceable. 



 
●​ Gender-Differentiated Labor Market Dividends: A significant finding within the 

empirical literature demonstrates that female employment metrics scale upward more 

significantly during digital and AI transitions than corresponding male counterparts. This 

structural shift is driven primarily by the spatial flexibility, asynchronous operational 

potential, and remote work modalities unlocked by advanced digital infrastructure, 

lowering traditional structural barriers to entry for female professionals. 

●​ The Capital-Labor Income Gap and Skill Biases: Conversely, AI exhibits an acute 

skill bias, significantly driving up the premium and demand for highly skilled, 

technologically literate professionals. Because these productivity gains are heavily 

concentrated within capital-intensive and technology-intensive corporate ecosystems, 

evidence indicates that AI fails to natively reduce internal labor-income inequality. If 

low-skill professionals are confined to routine tasks without parallel educational 

pathways, the divergence between capital owners and traditional wage laborers threatens 

to widen significantly. 

4.5 Systemic Challenges and Barriers to AI Adoption​

​

Despite the transformative potential of AI, its widespread adoption remains constrained by 

several organizational and systemic barriers. The literature identifies five major challenges faced 

by firms when integrating AI into routine operations: high capital costs associated with 

acquiring advanced computing infrastructure, technical difficulties in integrating AI with legacy 

systems, limited access to high-quality datasets, shortages of specialized AI talent, and growing 

concerns regarding cybersecurity, data privacy, and regulatory compliance. These barriers are 

particularly pronounced for small and medium-sized enterprises (SMEs), which often lack the 

financial and technical resources necessary for large-scale AI deployment. As a result, many 

organizations struggle to fully realize the productivity and innovation benefits promised by AI 

technologies. 

4.6 Global Economic Divergence​

​

A significant concern emerging from the global AI transition is the risk of widening economic 

divergence between nations. The benefits of the AI boom are concentrated in a small group of 

technologically advanced economies that control critical digital infrastructure and hardware 



 
supply chains. For instance, Taiwan's semiconductor industry, led by TSMC, accounts for 

approximately 90% of advanced chip manufacturing, while the Netherlands-based ASML 

dominates the production of extreme ultraviolet (EUV) lithography systems essential for 

advanced semiconductor fabrication. Such concentration creates structural dependencies that 

limit the ability of many developing economies to participate effectively in the AI-driven digital 

economy. Countries lacking access to cloud infrastructure, advanced computing resources, and 

digital ecosystems risk falling further behind, reinforcing existing global inequalities. The 

literature therefore emphasizes the importance of international cooperation, inclusive digital 

infrastructure development, digital governance frameworks, and workforce reskilling initiatives 

to ensure that the benefits of AI-driven growth are distributed more equitably across countries.​

4.7 Regulatory Frameworks and Governance as Economic Variables​

​

Regulatory frameworks are increasingly functioning as active economic variables in the AI 

landscape rather than passive constraints on deployment. The evidence suggests that the 

regulatory environment, its stringency, coherence, and institutional capacity directly shapes 

where AI productivity gains materialise, which firms capture them, and which economies attract 

AI-intensive investment (Georgieva, 2024; OECD, 2024). 

This is visible in the divergence between the EU’s AI Act (2024) and India’s development-first 

governance posture anchored in the NITI Aayog policy architecture (Ministry of Electronics & 

IT, 2025). The EU framework classifies AI by risk tier and imposes compliance costs that 

disproportionately burden smaller enterprises, structurally favouring large incumbents while 

offering investors regulatory certainty. India’s approach prioritises adoption velocity over 

precautionary restriction, particularly in agriculture, public service delivery, and financial 

inclusion  generating a different distribution of AI-driven benefits across sectors and firm sizes 

(Kergroach & Héritier, 2025). This divergence illustrates that regulatory philosophy is itself a 

comparative advantage variable: it determines not just how AI is used, but who benefits and at 

what pace. The OECD (2026) identifies regulatory coherence alignment between data 

governance, competition policy, and AI-specific rules as a prerequisite for translating AI 

adoption into sustained national productivity growth, making governance architecture 

inseparable from economic outcomes. 



 
4.8 Synthesis: The Identified Research Gap​

​

Taken together, the results reveal a clear gap in the existing evidence. The literature is 

dominated by two poles — broad, model-driven aggregate predictions on one side, and narrow 

task- or firm-level productivity estimates on the other — leaving underdeveloped the 

intermediate, qualitative picture of how AI’s economic effects actually materialize across the 

primary, secondary, and tertiary sectors. Three deficiencies persist: productivity evidence is 

drawn largely from tertiary-sector settings and uncritically generalized across the economy, 

despite the tiered adoption pattern shown in. 

Discussion 

5.1 Greater productivity and operational efficiency 

 

The literature unanimously shows that AI increases productivity by automating routine work, 

speeding up decision-making, and reducing operational inefficiencies. One experimental study 

of generative AI found that workers performed professional writing tasks faster and with higher 

quality, suggesting that AI can directly improve output in knowledge-based work. In another 

organizational study, when AI was implemented, process execution time was reduced by 28.9%, 

error rates were reduced by 50%, and resource utilization efficiency was increased by 11.9%. 

These numbers show that AI is not only conceptually useful, but also operationally measurable. 

 

AI also seems to produce financial benefits for businesses. AI-related patents were linked to 

sales increase of up to 8.3%, according to research published in the literature, indicating that 

innovative capability can transfer into revenue performance. Additionally, businesses that use 

data-driven decision-making typically outperform rivals in terms of responsiveness and 

productivity. The more general conclusion is that AI functions best when integrated into 

organizational systems as opposed to being utilized as a stand-alone instrument. Businesses that 

integrate AI with trained personnel, clean datasets, and process redesign see the biggest 

increases in productivity. 

 

5.2 Transformation across sectors 

 



 
The primary, secondary, and tertiary sectors use AI in quite different ways. AI is utilized in 

agriculture and other primary sectors through machine learning techniques that facilitate 

precision farming, satellite imaging, drone surveillance, weather forecasting, and soil 

monitoring. Measurable increases in agricultural production optimization and decreases in 

fertilizer, chemical, and trash use are reported in the literature. This indicates that in 

resource-intensive industries, AI is increasing both output and input efficiency. 

 

AI helps with computer vision, production optimization, quality control, and predictive 

maintenance in manufacturing and other secondary sectors. These applications enhance product 

consistency, cut operating expenses, and minimize downtime. The industry is shifting more and 

more toward "smart factories," where algorithms and robotics collaborate in real time. Because 

many processes are already digitalized, AI adoption in the tertiary sector—particularly in 

finance, healthcare, logistics, and digital services—is quicker and more obvious. Predictive 

models, automated service tools, routing systems, and generative AI are being used to lessen 

administrative burden and enhance customer experience. According to the literature, AI 

functions similarly to a general-purpose technology, but the operational maturity and data 

intensity of each sector influence its quantifiable effects. 

 

5.3  Effects of GDP and growth 

 

According to the macroeconomic literature, AI is a key factor in long-term growth. AI might 

contribute up to 14% of the world's GDP by 2030, or around USD 15.7 trillion, according to one 

of the most frequently referenced estimations from PwC. AI is frequently viewed as a strategic 

growth technology because of this enormous potential economic gain. In 2022–2023, the digital 

economy made for 11.74% of India's GDP; by 2029–2030, estimates indicate that this 

percentage could increase to 20%. These figures show that digitalization is starting to play a 

major role in national growth strategies. 

 

The literature does, however, show demonstrate that firm-level improvements occur more 

quickly than macroeconomic gains. Adoption of AI may result in immediate gains for a 

company, but GDP effects rely on how far the technology spreads across industries and 

geographical areas. This indicates that rather than being immediate, AI's impact to growth is 



 
structural and cumulative. Over time, efficiency, innovation, and better resource allocation boost 

the economy, but the full macroeconomic impact doesn't show up until widespread adoption. 

 

5.4 Shifts in the labor market 

 

AI has varied and changing implications on the work economy. According to the research, AI 

tends to increase the value of human judgment, creativity, and problem-solving while decreasing 

the need for repetitive and regular work.  This is particularly evident in knowledge work, where 

AI assists employees with document drafting, information summarization, data analysis, and 

decision support. 

 

At the same time, different sectors and groups experience different employment implications. 

While certain low-skill jobs may temporarily decline, research from developing economies 

indicates that digital transformation can eventually boost employment and productivity. 

According to the literature, women may be more exposed to labor transitions due to AI in some 

professions, particularly those that include information processing and administrative tasks. 

However, digital employment also provides advantages like remote access, flexible scheduling, 

and reduced geographic obstacles, all of which can increase women's participation in the labor 

sector. This dual effect demonstrates how, depending on the sort of employment involved, AI 

can both increase opportunities and raise the danger of displacement. 

 

5.5 Inequality and bias in skills​

​

The literature frequently raises the concern that AI is skill-biased. Employees in regular or 

low-skill roles are less likely to gain from AI adoption than those with higher levels of technical 

ability, analytical acumen, and digital literacy. As a result, AI increases the labor market 

premium for people who can oversee, manage, or improve intelligent systems. This raises the 

importance of digital competency and the requirement for reskilling 

 

Additionally, the distributional impacts are important. Capital owners, big businesses, and 

technologically sophisticated organizations frequently benefit more from AI-related productivity 

improvements than do regular employees. If worker transition is not supported concurrently, this 



 
could increase income disparity. According to the literature, AI may intensify pay disparity 

while simultaneously raising average productivity. Low-skill workers may fall behind even 

when the economy as a whole becomes more efficient if they do not receive training and 

educational support. 

 

5.6 Adoption obstacles 

The literature lists a number of enduring obstacles that impede the adoption of AI. High capital 

expenditures, challenges integrating with legacy systems, low data quality, a lack of qualified AI 

specialists, and cybersecurity and regulatory issues are the most prevalent. Because SMEs 

typically have fewer financial and technical resources than large enterprises, these challenges 

are especially acute for them. 

 

Research indicates that organizational readiness is just as important to the success of AI as the 

technology itself. Businesses may purchase AI technologies, but if they don't create data 

governance procedures, invest in training, or change workflows, they won't reap the benefits. 

Adoption of AI is therefore both a technological and an organizational change issue. This 

contributes to the explanation of why, despite using similar technologies, returns differ 

significantly between businesses. 

 

5.7 Divergence worldwide 

Additionally, the literature cautions that AI could increase international inequality. 

Semiconductors, cloud services, and sophisticated computing infrastructure—all of which are 

concentrated in a small number of economies—are critical components of the AI ecosystem. 

Advanced chip manufacturing is dominated by Taiwan's TSMC, while the EUV lithography 

equipment required for cutting-edge devices is supplied by ASML in the Netherlands. 

Technologically advanced economies have a significant edge in capturing the value of AI 

because of this concentration. 

 

Dependency on technology could be the outcome for developing economies. They might make 

use of AI apps without having control over the expensive infrastructure that generates them. As 

a result, there is a divide between nations that develop AI systems and those that primarily use 

them. In order to address this, the literature highlights the necessity of reskilling, expanding 



 
digital infrastructure, and strengthening international cooperation in order to more fairly 

distribute AI-driven growth. 

 

5.8 General interpretation 

 

Overall, research indicates that AI is changing the digital economy through quantifiable 

increases in productivity, sectoral reorganization, labor-market transformation, and potential for 

long-term growth. The most compelling evidence comes from businesses, where AI increases 

productivity, accuracy, and speed. Concurrently, adoption scale, institutional preparedness, and 

supplementary investment determine the wider economic impacts. 

 

Additionally, the research shows that AI is not inherently inclusive. If its advantages continue to 

be concentrated among big businesses and developed economies, it can exacerbate global 

divergence, widen skill gaps, and reinforce inequality. Therefore, ensuring that infrastructure, 

inclusive governance, and training support AI-driven growth is the primary policy and research 

problem. Then and only then will AI's productivity increases result in widespread economic 

growth. 

 
Conclusion 

 
6.1 Restatement of the Research Purpose​

​

This paper explores how AI is reshaping the digital economy through various lenses such as  

qualitative analysis across the primary, secondary and tertiary sectors. The main objective was to 

move beyond broad aggregate predictions and examine how AI’s economic impacts are 

materializing across industries, labour markets, macroeconomic growth patterns, and the 

unequal geographies of global development. 

 

6.2 Synthesis of Core Findings​

​

The evidence reviewed in this study points to one overarching conclusion: AI's impact on the 

digital economy is neither uniform nor automatic. At the firm level, documented gains, 



 
including up to an 8.3% increase in sales and a 28.9% reduction in process execution time, 

confirm that AI meaningfully enhances operational performance, though these returns remain 

contingent on complementary investments in workforce capability and organizational 

infrastructure. 

Across sectors, adoption follows a clear hierarchy of digital maturity. Tertiary sectors have 

absorbed AI most rapidly given their data-intensive foundations, while manufacturing and 

agriculture face steeper barriers tied to capital requirements and infrastructure gaps respectively. 

Macroeconomically, headline projections of a 15% addition to global GDP by 2030 contrast 

with near-term aggregate TFP growth of under 0.7%, confirming that AI's contribution 

accumulates structurally rather than materializing as an immediate shift. Labor markets reflect a 

similar complexity: skill-biased displacement coexists with net employment growth over the 

medium term, while the concentration of hardware and infrastructure capacity in a handful of 

nations risks deepening global economic divergence. 

6.3 Answer to the Research Gap 

The existing literature, though extensive, has largely examined the quantitative and qualitative 

dimensions of AI’s economic impact separately. Much of the research either offers 

macroeconomic forecast detached from sectoral realities or present sector specific qualitative 

analyses that are difficult or compare and synthesize across economies.As a result, a genuinely 

integrated understanding of how AI is reshaping the digital economy across the primary, 

secondary, and tertiary sectors has remained limited.  

This paper addresses that gap by developing a cross- sectoral framework that combines 

quantitative evidence such as projected GDP contributions and productivity differentials with 

qualitative analysis of institutional readiness, labour market disruptions, and distributional 

consequences. In doing so, it moves beyond fragmented findings to offer a more comprehensive 

account of AI’s transformative role in the digital economy.  

This paper's contribution is not merely additive but methodological. Rather than treating 

quantitative indicators, such as GDP figures and productivity trends drawn from existing 

studies, and qualitative structural analysis as separate endeavours, it brings both into 

conversation within a unified analytical framework. In doing so, it argues that AI's economic 



 
effects cannot be adequately understood through either lens in isolation; the institutional and 

social conditions that enable or constrain AI-driven gains are as consequential as the gains 

themselves.  

6.4 Policy and Practical Takeaways 

There are three imperatives that emerge from the evidence. 

The first one is that the productivity gains frequently highlighted in the literature are contingent 

upon institutional readiness, including the availability of adaptive governance frameworks, 

robust digital infrastructure, and organisational capacity to integrate AI effectively into existing 

workflows. If these conditions are absent, investments in AI are unlikely to generate substantial 

benefits and may even produce inefficient or unsuccessful outcomes. 

Second, developing economies face challenges that go beyond the traditional digital divide. 

Countries lacking the infrastructure, skills, and governance capacity to harness AI risk missing 

economic gains while facing greater costs, including labour displacement and exclusion from 

innovation ecosystems. The concentration of AI infrastructure in a few high-income economies 

further reinforces global inequalities, highlighting the need for investment in digital capacity 

and sovereign AI strategies.  

Third, workforce transition policies are essential to equitable AI adoption. While AI can 

enhance productivity, it also threatens job security and wages in both routine and high-skilled 

occupations. Without reskilling programs, social protections, and measures to distribute 

productivity gains, AI risks widening existing inequalities.  

Taken together, these findings suggest that the central challenge of the AI era is not merely 

technological adoption but institutional adaptation. The economic outcomes of AI will depend 

less on the technology itself than on the policies, governance structures, and social investments 

that shape how its benefits and costs are distributed across societies.  

6.5 Limitations 

This study has several limitations. First, the rapid evolution of AI means that some findings may 

not fully reflect the latest technological developments and their economic implications. Second, 



 
differences in data collection methods, economic indicators, and definitions of AI adoption 

across studies make direct comparisons challenging and may affect the consistency of 

interpretation. 

Additionally, the depth of available evidence varies across sectors, resulting in uneven coverage 

of AI applications and impacts. Finally, as the study relies entirely on secondary data, it 

synthesizes existing findings rather than generating original empirical evidence, which may 

limit the ability to capture context-specific experiences and causal relationships 

6.6 Directions for Future Research 

Future scholarship should prioritize longitudinal cross-sectoral studies that trace how firm-level 

productivity gains transmit into aggregate growth, expand geographic coverage beyond 

advanced economies, and examine the distributional consequences of AI adoption across 

gender, income, and skill categories more rigorously. 

6.7 Closing Statement 

AI's contribution to the digital economy is real, but its terms are not fixed. They are shaped by 

institutional quality, governance choices, and the deliberate commitment to ensuring that 

productivity dividends extend beyond those already positioned to capture them. That remains 

the defining policy and scholarly challenge of this technological transition. 

Implications 

7.1 Implications for Researchers​

​

This research paper brings to light several underexplored areas warranting further scholarly 

research. While there seems to be data available for firm-level productivity, there is a lack of 

relevant data required to understand the macroeconomic transmission mechanisms through 

which these gains aggregate into GDP growth. Future studies should employ longitudinal and 

cross-sectoral methodologies to track how AI-driven TFP effects accumulate across economic 

cycles and institutional contexts. Focus could be given to understanding the distribution of 

productivity gains across income levels, gender, and geography, as the literature consistently 

identifies a skill-biased concentration of benefits that raises fundamental questions of 



 
distributive justice. Developing economies also remain underrepresented in the empirical base, 

since most data is skewed towards the developed Western countries. Researchers could attempt 

to broaden the database by conducting dedicated inquiry into how structural variables such as 

digital infrastructure quality, regulatory capacity, and human capital endowments moderate AI's 

economic outcomes to construct a more globally representative body of evidence. Furthermore, 

the disciplinary fragmentation of AI research across economics, computer science, and labor 

studies creates navigational challenges that meta-analyses and systematic reviews could 

meaningfully address.  

 

7.2 Implications for Policymakers and Organizations​

​

For institutional policymakers and organizational executives, this study demonstrates that the 

isolated acquisition of advanced computational technologies yields negligible strategic value in 

the absence of parallel structural and institutional reforms. On a national scale, particularly 

within developing economies, policymakers must actively construct strategic mitigations against 

the widening international divergence induced by severe technological bottlenecks in upstream 

hardware manufacturing and lithography supply chains. Addressing this systemic imbalance 

requires a shift toward international technical cooperations, localized compute syndicates, and 

targeted state capitalization of foundational digital assets. At the enterprise level, the realization 

of documented quantitative dividends—specifically the 8.3% expansion in firm sales and the 

11.9% optimization in resource utilization efficiency—strictly depends on organizational 

readiness. Firms must execute comprehensive workflow re-engineering, establish rigorous data 

governance protocols to secure high-fidelity datasets, and invest heavily in complementary 

human capital assets to transform raw computational capacity into sustainable productivity 

gains. 

 

7.3 Implications for Workforce Development​

​

Another focus area documented in this paper is that of the need for structural labor 

transformation with the advance of AI. This places a direct obligation on the government,  

educational institutions, and individual workers to adapt proactively to the demands of the 

AI-driven digital economy. Universities and vocational providers must move beyond isolated 



 
technology modules toward cross-disciplinary curricula that cultivate technical fluency 

alongside critical analytical reasoning. At the individual level, workers must recognise that AI 

represents an explicitly skill-biased technological change that inflates the premium on abstract 

human judgment while simultaneously accelerating the obsolescence of routine, codifiable 

tasks, a structural repricing of labor that demands continuous upskilling and occupational 

adaptability. Employees in low-skill administrative roles face particular exposure, as this 

segment confronts systemic wage stagnation that threatens to widen the capital-labor income 

gap. The literature analysed supports the notion that both institutions and workers are 

responsible for taking ownership of this new skills development. Governments also bear a 

complementary responsibility in this transition. Through targeted investment in public reskilling 

infrastructure, subsidized digital literacy programs, and labor protection frameworks that 

account for AI-driven displacement, the state can function as a critical equalizer, ensuring that 

the productivity dividends of AI are not captured exclusively by capital owners and high-skill 

professionals, but are distributed equitably across the workforce as a whole. AI's net effect on 

employment and human welfare can be genuinely positive, but this outcome is contingent on 

proactive adaptation by all the stakeholders. 

 

7.4 Implications for Macroeconomic Dynamics​

​

The unique deployment mechanics of artificial intelligence disrupt classical macroeconomic 

assumptions regarding the friction-free cross-border diffusion of technology. Because the 

foundational computational layers and hardware fabrication capabilities are strictly restricted by 

highly concentrated market monopolies and geographic supply chain chokepoints, conventional 

reliance on capital-deepening models risks compounding international economic disparities. To 

mitigate this structural dependency, emerging economies must shift from a policy of continuous 

reliance on proprietary foreign hardware architectures toward the domestic capitalization of 

state-backed public digital infrastructure. This infrastructure-led development paradigm enables 

sovereign states to effectively leapfrog capital-intensive legacy networks controlled by 

entrenched global corporate entities. A premier empirical validation of this model is visible in 

the native scaling of public digital goods—such as specialized interoperable payment 

rails—which bypass rent-seeking global financial networks at a fraction of the structural cost. 

By prioritizing open-access, sovereign digital architectures over proprietary corporate 



 
acquisitions, developing markets can convert micro-level operational efficiencies into 

macro-level economic resilience, effectively insulating domestic growth from external 

technological dependencies. 

 

 



 
References 

1.​ Acemoglu, D. (2024). The simple macroeconomics of AI. Massachusetts Institute of 

Technology. 

https://economics.mit.edu/sites/default/files/2024-04/The%20Simple%20Macroeconomi

cs%20of%20AI.pdf 

2.​ Adigwe, C. S., Olaniyi , O. O., Olabanji, S. O., Okunleye, O. J., Mayeke , N. R., & 

Ajayi , S. A. (2024). Forecasting the Future: The Interplay of Artificial Intelligence, 

Innovation, and Competitiveness and its Effect on the Global Economy. Asian Journal of 

Economics, Business and Accounting, 24(4), 126–146. 

https://doi.org/10.9734/ajeba/2024/v24i41269 

3.​ Andayani, D., Indiyati, D., Sari, M. M., Yao, G., & Williams, J. (2024). Leveraging 

AI-powered automation for enhanced operational efficiency in small and medium 

enterprises (SMEs). APTISI Transactions on Management, 8(3), 250–258. 

https://doi.org/10.33050/atm.v8i3.2363  

4.​ Aly, H. (2020). Digital transformation, development and productivity in developing 

countries: is artificial intelligence a curse or a blessing? Review of Economics and 

Political Science, 7(4), 238–256. https://doi.org/10.1108/reps-11-2019-0145 

5.​ Bughin, J., Hazan, E., Lund, S., Dahlström, P., Wiesinger, A., & Subramaniam, A. 

(2018, May 23). Skill shift: Automation and the future of the workforce. McKinsey & 

Company. 

https://www.mckinsey.com/capabilities/people-and-organizational-performance/our-insig

hts/skill-shift-automation-and-the-future-of-the-workforce 

6.​ Center for Global Development. (2024, October 17). Three reasons why AI may 

widen global inequality. 

https://www.cgdev.org/blog/three-reasons-why-ai-may-widen-global-inequality 

7.​ Chan, M. (2024). Analyzing the Impacts of A.I. on Employment and More in the 

Primary, Secondary, and Tertiary Sectors. Critical Debates in Humanities, Science and 

Global Justice, 2(1). https://criticaldebateshsgj.scholasticahq.com/article/91294  

8.​ Czarnitzki, D., Fernández, G. P., & Rammer, C. (2023). Artificial intelligence and 

firm-level productivity. Journal of Economic Behavior & Organization, 211, 188–205. 

https://doi.org/10.1016/j.jebo.2023.05.008 

https://economics.mit.edu/sites/default/files/2024-04/The%20Simple%20Macroeconomics%20of%20AI.pdf
https://economics.mit.edu/sites/default/files/2024-04/The%20Simple%20Macroeconomics%20of%20AI.pdf
https://economics.mit.edu/sites/default/files/2024-04/The%20Simple%20Macroeconomics%20of%20AI.pdf
https://doi.org/10.9734/ajeba/2024/v24i41269
https://doi.org/10.33050/atm.v8i3.2363
https://doi.org/10.33050/atm.v8i3.2363
https://doi.org/10.1108/reps-11-2019-0145
https://www.mckinsey.com/capabilities/people-and-organizational-performance/our-insights/skill-shift-automation-and-the-future-of-the-workforce
https://www.mckinsey.com/capabilities/people-and-organizational-performance/our-insights/skill-shift-automation-and-the-future-of-the-workforce
https://www.cgdev.org/blog/three-reasons-why-ai-may-widen-global-inequality
https://www.cgdev.org/blog/three-reasons-why-ai-may-widen-global-inequality
https://criticaldebateshsgj.scholasticahq.com/article/91294
https://doi.org/10.1016/j.jebo.2023.05.008
https://doi.org/10.1016/j.jebo.2023.05.008


 
9.​ Economic Times. (2025, September 15). AI can lead to 8%+ economic growth to 

realise the vision of Viksit Bharat: NITI Aayog report. 

https://m.economictimes.com/news/india/ai-can-lead-to-8-plus-economic-growth-to-reali

se-the-vision-of-viksit-bharat-niti-aayog-report/articleshow/123893937.cms 

10.​European Commission. (2024, August 7). The Digital Economy and Society Index 

(DESI). https://digital-strategy.ec.europa.eu/en/policies/desi 

11.​European Commission. (2025, March 11). Digital Skills. Digital Strategy. 

https://digital-strategy.ec.europa.eu/en/policies/digital-skills 

12.​Frey, C. B., & Osborne, M. A. (2017). The future of employment: How susceptible are 

jobs to computerisation? Technological Forecasting and Social Change, 114, 254–280. 

https://doi.org/10.1016/j.techfore.2016.08.019 

13.​Gao, X., & Feng, H. (2023). AI-Driven Productivity Gains: Artificial Intelligence and 

Firm Productivity. Sustainability, 15(11), 8934. https://doi.org/10.3390/su15118934  

14.​Georgieva, K. (2024, January 14). AI will transform the global economy: Let’s make 

sure it benefits humanity.  International Monetary Fund. 

https://www.imf.org/en/blogs/articles/2024/01/14/ai-will-transform-the-global-economy-

lets-make-sure-it-benefits-humanity 

15.​Goldman Sachs. (2023, March 26). The potentially large effects of artificial 

intelligence on economic growth. 

https://www.gspublishing.com/content/research/en/reports/2023/03/27/d64e052b-0f6e-4

5d7-967b-d7be35fabd16.html  

16.​Gupta, R. (2024). AI for operational efficiency: Boost productivity and cut costs. GSDC 

Council. 

https://www.gsdcouncil.org/blogs/ai-for-operational-efficiency-boost-productivity-and-c

ut-costs 

17.​IEEE. (2024). AI and digital transformation in the manufacturing sector [Conference 

paper]. Proceedings of the IEEE International Conference on Digital Economy, 

2024.https://ieeexplore.ieee.org/abstract/document/10517598  

18.​Kasireddy, L. C., & Sreenivasu, M. (2025). Overcoming adoption barriers: Strategies 

for scalable AI transformation in enterprises. Journal of Informatics Education and 

Research, 5(2). https://jier.org/index.php/journal/article/view/2459  

https://m.economictimes.com/news/india/ai-can-lead-to-8-plus-economic-growth-to-realise-the-vision-of-viksit-bharat-niti-aayog-report/articleshow/123893937.cms
https://m.economictimes.com/news/india/ai-can-lead-to-8-plus-economic-growth-to-realise-the-vision-of-viksit-bharat-niti-aayog-report/articleshow/123893937.cms
https://m.economictimes.com/news/india/ai-can-lead-to-8-plus-economic-growth-to-realise-the-vision-of-viksit-bharat-niti-aayog-report/articleshow/123893937.cms
https://digital-strategy.ec.europa.eu/en/policies/desi
https://digital-strategy.ec.europa.eu/en/policies/digital-skills
https://doi.org/10.1016/j.techfore.2016.08.019
https://doi.org/10.3390/su15118934
https://www.imf.org/en/blogs/articles/2024/01/14/ai-will-transform-the-global-economy-lets-make-sure-it-benefits-humanity
https://www.imf.org/en/blogs/articles/2024/01/14/ai-will-transform-the-global-economy-lets-make-sure-it-benefits-humanity
https://www.imf.org/en/blogs/articles/2024/01/14/ai-will-transform-the-global-economy-lets-make-sure-it-benefits-humanity
https://www.gspublishing.com/content/research/en/reports/2023/03/27/d64e052b-0f6e-45d7-967b-d7be35fabd16.html
https://www.gspublishing.com/content/research/en/reports/2023/03/27/d64e052b-0f6e-45d7-967b-d7be35fabd16.html
https://www.gspublishing.com/content/research/en/reports/2023/03/27/d64e052b-0f6e-45d7-967b-d7be35fabd16.html
https://www.gsdcouncil.org/blogs/ai-for-operational-efficiency-boost-productivity-and-cut-costs
https://www.gsdcouncil.org/blogs/ai-for-operational-efficiency-boost-productivity-and-cut-costs
https://www.gsdcouncil.org/blogs/ai-for-operational-efficiency-boost-productivity-and-cut-costs
https://www.gsdcouncil.org/blogs/ai-for-operational-efficiency-boost-productivity-and-cut-costs
https://ieeexplore.ieee.org/abstract/document/10517598
https://jier.org/index.php/journal/article/view/2459


 
19.​Kergroach, S., & Héritier, J. (2025). Emerging divides in the transition to artificial 

intelligence. OECD Regional Development Papers. https://doi.org/10.1787/7376c776-en 

20.​Ministry of Electronics & Information Technology. (2025, January 28). Future 

ready: India's digital economy to contribute one-fifth of national income by 2029-30 

[Press release]. Press Information Bureau, Government of India. 

https://www.pib.gov.in/PressReleaseIframePage.aspx?PRID=2097125&reg=48&lang=2 

21.​Massachusetts Institute of Technology. (2025). Artificial Intelligence and Business 

Strategy. MIT Sloan Management Review. 

https://sloanreview.mit.edu/big-ideas/artificial-intelligence-business-strategy/ 

22.​Miesbauer, J. (2025, June 25). Barriers to AI adoption: Challenges and solutions. 

Agiloft. https://www.agiloft.com/blog/barriers-to-ai-adoption/ 

23.​Mirestean, A., Farias, A., Deodoro, J., Boukherouaa, E. B., AlAjmi, K., Iskender, 

E., Ravikumar, R., & Shabsigh, G. (2021). Powering the digital economy: 

Opportunities and risks of artificial intelligence in finance. IMF Departmental Papers, 

2021(024). https://doi.org/10.5089/9781589063952.087  

24.​OECD. (2024). OECD digital economy outlook 2024 (Vol. 1). OECD Publishing. 

https://www.oecd.org/en/publications/oecd-digital-economy-outlook-2024-volume-1_a1

689dc5-en.html 

25.​OECD. (2026). Going Digital Toolkit. Digital Economy Papers. 

https://goingdigital.oecd.org/‌ 

26.​Plikas, J. H., Trakadas, P., & Kenourgios, D. (2024). On the Relationship Between 

Artificial Intelligence (AI) and Economic Growth (GDP)—the Case of Europe. Frontiers 

of Artificial Intelligence, Ethics and Multidisciplinary Applications, 327–342. 

https://doi.org/10.1007/978-981-99-9836-4_25 

27.​PricewaterhouseCoopers. (2025, April 29). AI adoption could boost global GDP by an 

additional 15 percentage points. 

https://www.pwc.com/gx/en/news-room/press-releases/2025/ai-adoption-could-boost-glo

bal-gdp-by-an-additional-15-percentage.html 

28.​Riley, J. (2023). AI powers the digital economy. Ubiquity. 1–10. 

https://doi.org/10.1145/3636478  

29.​Stanford University Human-Centered Artificial Intelligence. (2026). Artificial 

Intelligence Index Report. Annual Report. https://aiindex.stanford.edu/report/ 

https://doi.org/10.1787/7376c776-en
https://www.pib.gov.in/PressReleaseIframePage.aspx?PRID=2097125&reg=48&lang=2
https://www.pib.gov.in/PressReleaseIframePage.aspx?PRID=2097125&reg=48&lang=2
https://sloanreview.mit.edu/big-ideas/artificial-intelligence-business-strategy/
https://www.agiloft.com/blog/barriers-to-ai-adoption/
https://doi.org/10.5089/9781589063952.087
https://www.oecd.org/en/publications/oecd-digital-economy-outlook-2024-volume-1_a1689dc5-en.html
https://www.oecd.org/en/publications/oecd-digital-economy-outlook-2024-volume-1_a1689dc5-en.html
https://www.oecd.org/en/publications/oecd-digital-economy-outlook-2024-volume-1_a1689dc5-en.html
https://goingdigital.oecd.org/
https://doi.org/10.1007/978-981-99-9836-4_25
https://www.pwc.com/gx/en/news-room/press-releases/2025/ai-adoption-could-boost-global-gdp-by-an-additional-15-percentage.html
https://www.pwc.com/gx/en/news-room/press-releases/2025/ai-adoption-could-boost-global-gdp-by-an-additional-15-percentage.html
https://www.pwc.com/gx/en/news-room/press-releases/2025/ai-adoption-could-boost-global-gdp-by-an-additional-15-percentage.html
https://doi.org/10.1145/3636478
https://doi.org/10.1145/3636478
https://aiindex.stanford.edu/report/


 
30.​United Nations Development Programme. (2025, December 2). AI risks sparking a 

new era of divergence as development gaps between countries widen. 

https://www.undp.org/asia-pacific/press-releases/ai-risks-sparking-new-era-divergence-d

evelopment-gaps-between-countries-widen-undp-report-finds 

31.​Vinuesa, R., Azizpour, H., Leite, I., Balaam, M., Dignum, V., Domisch, S., Felländer, 

A., Langhans, S. D., Tegmark, M., & Fuso Nerini, F. (2020). The role of artificial 

intelligence in achieving the Sustainable Development Goals. Nature Communications, 

11(1). https://doi.org/10.1038/s41467-019-14108-y 

32.​Watanabe, C., Naveed, K., Tou, Y., & Neittaanmäki, P. (2018). Measuring GDP in the 

digital economy: Increasing dependence on uncaptured GDP. Technological Forecasting 

and Social Change, 137, 226–240. https://doi.org/10.1016/j.techfore.2018.07.053  

33.​World Economic Forum. (2025, January 3). How AI unlocks possibilities for 

productivity and sustainability. 

https://www.weforum.org/stories/2025/01/tech-ai-digital-twins-productivity-sustainabilit

y/  

34.​Zhang, Z. (2023). The impact of the artificial intelligence industry on the number and 

structure of employments in the digital economy environment. Technological 

Forecasting and Social Change, 197, 122881. 

https://doi.org/10.1016/j.techfore.2023.122881‌ 

https://www.undp.org/asia-pacific/press-releases/ai-risks-sparking-new-era-divergence-development-gaps-between-countries-widen-undp-report-finds
https://www.undp.org/asia-pacific/press-releases/ai-risks-sparking-new-era-divergence-development-gaps-between-countries-widen-undp-report-finds
https://www.undp.org/asia-pacific/press-releases/ai-risks-sparking-new-era-divergence-development-gaps-between-countries-widen-undp-report-finds
https://doi.org/10.1038/s41467-019-14108-y
https://doi.org/10.1016/j.techfore.2018.07.053
https://www.weforum.org/stories/2025/01/tech-ai-digital-twins-productivity-sustainability/
https://www.weforum.org/stories/2025/01/tech-ai-digital-twins-productivity-sustainability/
https://www.weforum.org/stories/2025/01/tech-ai-digital-twins-productivity-sustainability/
https://doi.org/10.1016/j.techfore.2023.122881%E2%80%8C

