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 While humanity is advancing on many fronts, have you noticed how the quality of our con-

versations seems to be moving the other way? It seems that whenever we have a meaningful discus-

sion and a disagreement arises or we cannot answer a question, someone inevitably asks, “Shall we 

ask AI?”. I do not always say it aloud, but my instinctive response is often: “Let’s not. Not yet. ” Let us 

first talk, reason and test the limits of what we know. If that is not enough, then let us research.  

 This is not a criticism of artificial intelligence. The issue, as ever, is not the technology itself, 

but how we choose to use it. Are we seeking effortless answers to every question, necessary or other-

wise? Or are we using technology to drive structural improvement?  

 We also tend to read change backwards, through the lens of the latest trend. These days, we 

are talking about artificial intelligence. Before, the digital transformation was in fashion. And yet, if 

we pause, step back and widen the lens, a broader need becomes clear: the real conversation should 

be about the technological transformation.  

 To view our fundamental challenge merely as one of converting analogue and manual pro-

cesses into digital ones would be too narrow a perspective. Instead, we need to transform how we 

work, what we produce and how we compete, while safeguarding the public interest, respecting the 

planet, considering future generations, improving conditions for disadvantaged groups and leaving 

no one behind.  

 Once this becomes the objective, as it should, we no longer begin by asking, “Can we digital-

ize this process? ” Rather, we ask, “How can we do this differently and better? ” The answer opens a 

wider field, one that includes AI and digitalization but extends well beyond both.  

 From this perspective, humans are not casualties of a transformation in which robots will bru-

tally take over human jobs, but stakeholders whose lives should improve through it. The green trans-

formation, public objectives and responsibility become integral to innovation.  

 In this report, we approach technological transformation through a development lens - not as 

something that is merely happening to us, but as a process which we can plan for and shape. By 

bringing it together with the new industrial policy framework, we aim to move the debate beyond 

fashionable concepts and towards tangible action - and ultimately, to ask technology itself: What 

have you done for humanity today? Enjoy the read.  

Burcu ÜNÜVAR , PhD 

Director and Chief Economist  
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Why Do We Study Technology? 
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 During the long period following the Second World War and lasting until the late 1970s, 

which is often referred to as the golden age of capitalism, many economies —particularly today ’s ad-

vanced economies —enjoyed a period of unprecedented growth. In the subsequent long period, ex-

tending from the early 1980s and continuing until the global financial crisis, economic growth was 

slower. However, the slow-

down in growth became 

even more pronounced fol-

lowing the outbreak of the 

global financial crisis in 2008. 

The median growth rate in 

high -income countries de-

clined from 3.0% in the 1979

–2007 period to 1.7% in 2007

–2019. In the 2019–2023 pe-

riod, which largely reflected 

the effects of the pandemic, 

economic growth declined further to 1.5%. While lower -middle -income and low -income countries 

recorded a higher median rate of growth in the 2007–2019 period when compared to the previous 

period, they also suffered significantly slower growth  following the pandemic (Figure 1).  

 The slowdown in economic growth is also evident in potential growth. Potential growth re-

fers to the growth rate of an economy ’s potential output, or in other words, the level of output which 

an economy can produce under conditions of full capacity utilization and full employment. Nearly all 

advanced economies and around 60% of emerging market and developing economies recorded 

lower potential growth in the 2011–2021 period than their average over the 2000–2010 period (by 

0.8 and 1.0 percentage points, respectively) (Celik et al., 2023). Moreover, each of the key drivers of 

growth —total factor productivity, labor supply and the capital stock — is growing more slowly.  

 Turning to Türkiye, although there have been positive developments in some technology 

groups in the manufacturing industry, progress remains limited. Between 2010 and 2025, real manu-

facturing output grew by an average of 5.5% per year, while low - and medium -low-technology pro-



 

 

       

 

2 

duction grew by 4.2% 

and 5.3%, respectively. By 

contrast, medium -high - 

and high -technology pro-

duction increased by 

6.8% and 11.5%, respec-

tively. Production in all 

three activities classified 

as high -tech industries 

grew faster than total 

manufacturing output. 

The manufacture of air 

and spacecraft and relat-

ed machinery, considered 

part of the defense industry, stood out significantly in this group, with production surging by 18.2% 

over the period (Figure 2) 1. 

 Despite this bright picture, the 

share of high -tech products in total 

manufacturing sales edged up only 

modestly, from 3.3% in 2016 to 3.6% 

in 2025. The share of medium -high -

tech products in total manufacturing 

sales increased from 25.0% to 28.8%. 

Thus, despite a substantial increase in 

production, the share of high -tech 

products in total manufacturing out-

put remains limited due to its low 

base. At the same time, persistent for-

eign trade deficits have become a 

characteristic in high - and medium -

high tech products (Figure 3).  

1 Seasonally and calendar -adjusted industrial production indices are used for manufacturing, pharmaceuticals and the manufac-
ture of computers, electronic and optical products. Since TurkStat does not provide a production index for the manufacture of  air 
and spacecraft and related machinery, the production value for this activity in the Annual Industry and Service Statistics da tabase 
was deflated using the producer price index for other transport equipment not elsewhere classified to remove the effect of pr ice 
changes.   
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 The slowdown in global economic growth, the accompanying slowdown in potential growth 

and Türkiye ’s persistent technology gap call for a reconsideration of technology and industrial poli-

cy. To this end, we first establish the background by discussing some key trends which are of im-

portance in the context of technological transformation. Since rethinking technology policy requires, 

above all, an understanding of technology itself, the following section focuses on technology and 

develops a framework for technological transformation. We then turn to artificial intelligence, which 

has entered our lives as a radical technology. Finally, we discuss what technology and industrial poli-

cy can do to manage technological transformation.  

 

 

  

 Although growth in the global economy has generally tended to slow, some economic activi-

ties have expanded much more rapidly than the  economy as a whole. For example, the production 

of technologies such as semiconductors (chips), computers and peripheral equipment, software and 

telecommunications equipment and services —the main drivers of the information and communica-

tion technology (ICT) revolution that began in the 1970s —have surged at a strikingly faster pace 

than the economy as a whole (Baily & Bosworth, 2014). As a result, the macroeconomic impact of 

productivity gains arising both from advances in the production of these technologies and from 

their adoption across other production activities started to be felt in the mid -1990s (Gordon, 2016). 

These technologies also allow production to be moved beyond national borders and for it to be or-

ganized on a global scale.  

 The production of semiconductors (chips), which are among the high -tech ICT products, re-

quires substantially higher R&D and fixed capital expenditure than many other manufacturing activi-

ties (East & Kaspar, 2023; SIA, 2025). The rise in investment expenditure on artificial intelligence (AI) 

also clearly reflects this capital intensity. In particular, AI applications based on deep learning and ar-

tificial neural networks require unprecedented levels of computing power. This enormous demand 

for computing requires capital investment that relies heavily on chips (processors and memory 

chips) and the data centers that house them. As a result, rising investment in AI infrastructure is 

reaching a scale capable of affecting the economy as a whole.  

 

 

Background 
The Information and Communication Technology Revolution  
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 Concentration may be one of the words that best describes the AI ecosystem. US -based firms 

lead in the development of AI models by a wide margin with China being the only country to even 

come close to the United States in this respect. For example, during 2025, 59 notable models were 

developed in the United States, 35 in China and only two in Europe (HAI, 2026). Chips designed by 

US-based Nvidia account for by far the largest share of global computing capacity. The Taiwan -based 

chip manufacturer, TSMC, meanwhile, produces almost all advanced AI chips. As of 2025, the United 

States was home to 5,247 data centers, more than ten times as many as in any other country. Five US

-based companies —Amazon, Google, Meta, Microsoft, and Oracle —provide a large share of the 

computing capacity required for AI applications. The capital expenditure of these five companies has 

surged since 2024, reaching USD 412 billion in 2025, equivalent to 1.31% of US GDP (Allen, 2026). 

This reflects the unprecedented pace of the investment boom in the United States 

(Rungcharoenkitkul, 2026).  

 Technological transformation is also affecting foreign direct investment (FDI) flows. Between 

2010–2025, when global gross domestic product (GDP) and trade recorded a relatively steady expan-

sion, FDI growth was both more volatile and slower. However, FDI did expand in 2024 and 2025. 

Moreover, greenfield investment in sectors considered strategic from the perspective of industrial 

policy and economic security —such as AI infrastructure and AI -related technologies, advanced and 

sensitive technologies, critical minerals, clean energy, and semiconductors —expanded at a more 

rapid pace than the average. In contrast, greenfield investment projects in manufacturing activities 

which are highly integrated into global supply chains, such as in the electronics and electrical equip-

ment, automotive, machinery and equipment, and textiles, apparel and leather sectors experienced 

a significant decline in both number and value (UNCTAD, 2026). This is making it more difficult for 

many developing countries to benefit from global supply chains.  

Concentration  
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 Greenfield investment in strategic sectors grew by 39% annually between 2020 and 2025 to 

reach USD 576 billion. Consequently, the share of strategic sectors in total greenfield investment in-

creased from 16% in 2020 to 44% in 2025. Semiconductors and AI infrastructure and AI -related tech-

nologies stood out from other sectors, with average annual growth rates of 54% and 47%, respec-

tively. Greenfield investment in clean energy and critical minerals grew by 17%, while investment in 

advanced and sensitive technologies grew by 8%. Clean energy technologies, which had increased 

their share among strategic sectors until 2023, lost some ground in 2024–2025 as AI investment 

surged, reflecting a concentration of technology within greenfield investment in strategic sectors. 

Another form of concentration is evident in the geographical distribution of investment. The three 

largest investing countries or country groups accounted for 72% of total greenfield investment, 

while the three largest recipients accounted for 56% of total investment. In addition, 72% of green-

field investment in strategic sectors was directed towards high -income countries and 18% to upper -

middle -income countries. This concentration is shaped by firm -level factors such as economies of 

scale, supply -chain integration, and technological capabilities, as well as factors reflecting the effects 

of policies such as incentive regimes, local -content incentives and regulatory compliance (UNCTAD, 

2026). 

 Another key dynamic in the background has been the rise of industrial policy following the 

global financial crisis. A study that identified which of more than 47,000 policy documents published 

between 2010 and 2022 were industrial policy documents found a thirty -fold increase in the number 

of such documents over the period (Juhász et al., 2025). For a long time, the primary objective of in-

dustrial policy was essentially to promote structural transformation by supporting manufacturing. 

Today, however, it encompasses a broad range of objectives, including accelerating the transition to 

net zero, mitigating the effects of climate change, strengthening supply -chain resilience, achieving 

strategic autonomy and competitiveness in key sectors and enhancing national security (Evenett et 

al., 2024). Strategic competitiveness is the most frequently stated objective in industrial policy docu-

ments, while mitigating the effects of climate change is the second most frequently cited objective. 

Emerging industrial policies in advanced economies target predominantly high - and medium -high -

tech manufacturing and the energy sector, while in emerging market and developing economies, 

low-tech manufacturing is also prominent alongside these sectors (IMF, 2025).  

 Of the industrial policies announced between 2015 and 2024, 49% consisted of selective poli-

The Rise of Industrial Policy  
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cy interventions targeting firms. China led on the basis of the share of selective industrial policy in-

terventions (87%), followed by the United States (66%) and the European Union (61%). Firm -specific 

incentives in advanced economies and China have been largely directed toward strategic sectors 

such as semiconductors, advanced technologies, clean energy and critical minerals, whereas in de-

veloping countries, the vast majority of selective incentives are directed toward more traditional sec-

tors such as agriculture, food processing, oil, natural gas and electricity generation (UNCTAD, 2026).  

 In Türkiye, industrial policies have also increasingly prioritized technology development since 

2019. For example, the Technology -Oriented Industry Move Program, launched in 2019 under the 

2023 Industry and Technology Strategy, continues under the name Technology Move Program as a 

component of the New Incentive System (NIS), which entered effect in 2025. The program, which fo-

cuses on priority products in medium -high and high -tech sectors, such as machinery, chemicals, 

electrical equipment, motor vehicles, pharmaceuticals and medical devices, computers, electronics 

and optical products, provides R&D and investment support to encourage domestic production. An-

other component of the NIS, the Strategic Move Program, aims to support strategic investments with 

high technological content, including the production of advanced -technology machinery, active 

pharmaceutical ingredients and semiconductors, as well as R&D -intensive strategic investments re-

lated to the green and digital transitions. The HIT -30 High Technology Investment Program, 

launched in 2024, provides project -based incentives for investments in seven technological areas —

semiconductors, mobility, green energy, advanced manufacturing, healthy living, digital technolo-

gies and communications and space —as well as complementary investments for value chains in 

these areas (STB, 2025). As can be seen, a broad group of technologies, including digital technolo-

gies, lies at the heart of Türkiye ’s industrial policies. In addition, the defense industry, which has 

notched up an impressive performance in both production and exports over the past two decades, 

has increasingly begun to influence industrial policy. The 2030 Industry and Technology Strategy 

aims to cast the achievements of the defense industry as a role model for other sectors and to sup-

port the domestic production of advanced -technology products in priority sectors such as pharma-

ceuticals and medical devices, rail systems and cybersecurity by using long -term planning, effective 

coordination, and public procurement —which are considered to have contributed to the achieve-

ments of the defense industry —as levers (STB, 2025). 

 Declining fertility rates and increasing life expectancy have led to ageing populations in many 

Demographic Transformation  
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countries, accompanied by a rise in old -age dependency ratios, along with a decline in the working -

age population as populations age. In the OECD, as the share of workers in the population declines, 

the rate of growth in per capita income is projected to fall from its 2006–2019 average of 1.0% to 

0.6% in 2024–2060, assuming average labor productivity growth of 0.7% (OECD, 2025). At the same 

time, rising old -age dependency ratios will increase the share of healthcare and pension expendi-

tures in GDP, creating additional pressure on growth in per capita income. Upper -middle income 

countries, such as Türkiye, will age more rapidly and reach the same old -age dependency ratio at a 

lower level of per capita income than high -income countries (Tur, 2026). In view of the pressure that 

demographic transformation will place on growth and public expenditures, technological transfor-

mation is additionally important.  

 

 

 The term “technology, ” which we frequently use, essentially refers to a tool, piece of equip-

ment, process, or product/service which we use to achieve a specific purpose. Technology, in these 

various forms, is not a monolithic entity. Technologies have a modular and recursive structure 

(Arthur, 2009). When we refer to an aircraft, for example, we are referring to all of its components, 

such as avionics systems, jet engines, and the fuselage and wings made of composite materials. Each 

of these subcomponents is itself a technology and they in turn consist of further technologies. More-

over, technologies always rely on a particular natural phenomenon or effect as their operating princi-

ple. 

The Scope of Technological Transformation 
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 Technological progress has played a major role in the sustained economic growth experi-

enced over the past two centuries. Technological progress takes two basic forms. Existing technolo-

gies can be gradually refined to reduce costs, lower energy and raw material requirements or in-

crease performance and durability. Such changes may be referred to as micro -inventions or minor 

technological change. Technologies based on a new principle or idea and representing major leaps, 

on the other hand, may be referred to as macro -inventions or major technological change (Mokyr, 

1990). The incremental improvements underlying micro -inventions may unfold over long periods of 

time, and the resulting cumulative improvements may pave the way for significant productivity 

gains both in the production of the relevant technology and in the other production processes in 

which that technology is used. However, incremental improvements eventually reach a limit with 

their further contribution to growth becoming negligible. The emergence of macro -inventions gives 

rise to new firms and industries. The resulting increases in production fuel economic growth, giving 

rise to opportunities for further incremental improvements.  

 Micro-inventions generally emerge from deliberate efforts to seek improvements and re-

spond to market forces such as demand, prices, profits and competition. Although factors such as 

individual ability, inspiration, and chance play an important role in the emergence of macro -

inventions, those that can be considered radical technologies have increasingly depended on high 

levels of R&D expenditure. Most radical technologies have also relied on publicly funded R&D ex-

penditure (Mazzucato, 2013; Ruttan, 2006). 

 Moreover, technologies are interconnected and emerge in conjunction with other technolo-

gies. Technologies which serve as inputs to a particular technology, as well as other technologies 

and production activities using it, are also interconnected, thus forming a technology system (Perez, 

2010). Similarly, technology systems also emerge in relation to one another. Clusters of interconnect-

ed radical innovations are referred to as technological (industrial) revolutions. There have been five 

industrial revolutions since the first Industrial Revolution which started in Great Britain in the second 

half of the eighteenth century. The radical digital technologies which define the ICT revolution, 

which emerged in the 1970s and are regarded as the fifth industrial revolution — including comput-

ers, chips, software, and telecommunications equipment and services —constitute the core digital 

economy (Barefoot et al., 2018). Economies are becoming digitalized as these technologies are used 

in existing economic activities on the one hand and play a fundamental role in the emergence of 

new economic activities on the other (Bukht & Heeks, 2017). The ICT technological revolution and 

the digitalization it has given rise to are now gaining new momentum with the emergence of various 
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technologies grouped under the umbrella of AI.  

 One component of the twin transition, a concept first used in European Union (EU) policy 

documents, is the digital transition (or digitalization), which began roughly 50 years ago and has re-

cently been energized by AI. The other component of the twin transition, the green transition, refers 

to a transformation aimed primarily at achieving net zero by reducing the energy system ’s depend-

ence on fossil fuels, improving energy efficiency in production and consumption, reducing environ-

mentally harmful waste, protecting biodiversity, adopting more sustainable agricultural practices, 

and increasing circularity in production and consumption. It is not possible to achieve all of these 

objectives, which are at the core of the European Green Deal adopted by the EU in 2020, in a world 

where producers and consumers continue to rely on existing technologies. While digitalization clear-

ly has the potential to provide a significant contribution to more efficient resource use and environ-

mental protection (Avcıoğlu, 2021),  the fundamental objectives of the green transition obviously 

cannot be achieved solely by taking advantage of the opportunities offered by ICT. The green transi-

tion therefore itself necessitates a process of creative destruction that requires a replacement of the 

traditional technologies underpinning existing production and consumption practices by a large 

number of new technologies. In other words, the green transition is itself a technological transfor-

mation. Radical technologies —or what Mokyr refers to as macro -inventions —such as solar panels, 

wind turbines, batteries, electric vehicles, 

heat pumps and electric boilers, provide 

good examples of the technological di-

mension of the green transition. Alt-

hough the first uses of technologies such 

as solar panels and wind turbines date 

back to the 1970s, their widespread 

adoption has taken place over the past 

two decades. Thus, another technological transformation that has been underway for at least 20 

years is unfolding within the broader ICT technological revolution.  

 Advanced and emerging technologies with strong transformative potential which offer new 

opportunities for economic development, sustainability, and governance are referred to as frontier 

technologies (UNCTAD, 2018). Both the increase in patent applications and significant changes in 

prices and quality reflect the rapid development of these technologies. Since 2018, the United Na-

tions Conference on Trade and Development (UNCTAD), which has been monitoring frontier tech-
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nologies, has classified 17 frontier technologies into three broad groups: (a) Industry 4.0 technolo-

gies, (b) green and renewable energy technologies and (c) other technologies (UNCTAD, 2025). 

There are three noteworthy features of this classification. All technologies in the Industry 4.0 group 

are either fully or partially digital (e.g., drones and robots). The vast majority of green and renewable 

energy technologies are technologies that enable energy production from renewable sources. The 

“other technologies ” group includes two specific technologies from the biotechnology and ad-

vanced materials technology clusters.  

 Although frontier technologies bring together advanced and emerging technologies from 

different technological and scientific fields, this classification does not fully reflect the existing diver-

sity of technologies and does not sufficiently cover the areas in which technological progress needs 

to take place, or is desirable, in the context of the green transition. For example, new equipment and 

processes required for decarbonization and resource efficiency in basic input producing sectors such 

as iron and steel, aluminum, cement, chemicals, plastics, and fertilizers are not included in this classi-

fication. Likewise, it does not include many specialized machines, equipment and inputs used in in-

dustry that are not entirely digital. Although these latter technologies may not be subject to rapid 

technological improvements, they remain essential intermediate and capital goods for industry.  

 A better understanding of this could be gained by examining how the use of core digital 

technologies varies across economic activities. For example, investment in ICT equipment, software, 

and databases accounts for around 50% of total investment expenditure excluding construction and 

R&D in information and communication and financial and insurance activities, while the share is sig-

nificantly lower in agriculture, energy and manufacturing (Figure 4). The main reason for the relative-

ly low share in agricultural and industrial activities is that these activities rely on a much broader 

range of capital goods.  

 We noted that technological revolutions, which play an important role in the continuity and 

fluctuations of economic growth, consist of a set of new technologies. While the emergence of new 

technologies may lead to the disappearance of some existing technologies, this does not mean that 

all older technologies necessarily become obsolete. For example, although steel and electricity, 

which have been the defining technologies of the third technological revolution, have lost their role 

as the primary drivers of growth, they have not lost their fundamental function in the economy. The 

continued competitive production of many technologies that emerged during earlier technological 

revolutions therefore remains important, particularly in the industrialization strategies of developing 

countries. In other words, particularly in developing countries, industrial and technology policies 
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should not focus solely on frontier technologies but should also take into account a broader range of 

technologies that are essential to economic activities, especially agriculture and industry.  

 It is also important to consider how the technologies at the heart of technological revolutions 

emerge. Defense procurement and R&D expenditure in the United States played an important role in 

the emergence of computers and the internet, for example (Mowery, 2010). Moreover, since the first 

Industrial Revolution, scientific advances have increasingly contributed to the emergence of new 

technologies. Therefore, well -designed science, technology, and industrial policies should be priori-

tized to achieve a technological transformation centered on both new and existing technologies. 

These policies should specifically target the development of green technologies, which have a criti-

cal role to play in an ecosystem -friendly transformation.  

 These observations can be summarized as follows:  

• The ICT technological revolution and digitalization process that began in the 1970s still 

continues to this day.  

• AI is initiating a new wave of digitalization.  

• Although there is synergy between green and digital technologies, the green transition 

inherently encompasses a technological transformation that extends beyond digitaliza-

tion. 
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• The technological dimension of the green transition places it as one of the main areas of 

focus for science and technology policy.  

• Some “old” technologies continue to perform fundamental functions in the economy and 

remain important for industrialization.  

Therefore, technological transformation encompasses the broad technological universe consisting 

of digital, green and other technologies. The transformation of industry should likewise be managed 

with this broader technological universe in mind.  

 The launch of OpenAI ’s generative artificial intelligence (GenAI) chatbot, ChatGPT, in Novem-

ber 2022 marked the beginning of a new era. This chatbot uses a large language model called GPT, 

based on an artificial neural network architecture, to generate text, speech and images in response 

to user prompts. Meta launched its LLaMA large language model in February 2023, Anthropic re-

leased Claude in March 2023, and Google launched Gemini in November 2023. In the United States, 

the adoption rate of GenAI reached 39.4% in just two years, including both workplace and house-

hold use. By comparison, the adoption rates of the internet and computers had only reached around 

20% three years after their introduction (Bick et al., 2024). Later, Chinese startups such as DeepSeek, 

Moonshot AI, and z.AI released models with capabilities relatively close to those of US -based models. 

Thus, as the number of GenAI models continued to increase, their adoption also expanded at an un-

precedented pace. The widespread use of these increasingly capable GenAI tools has fueled con-

cerns over the potential negative effects of AI on jobs.  

 With the widespread use of GenAI tools, the many techniques and applications which can be 

classified under AI are remaining in the background. The concentration of data center investment in 

a small number of countries further reinforces this perception. First and foremost, how should we 

define AI? 

 The OECD played a leading role in 2019 by adopting an international standard on AI (OECD, 

2019). The “Recommendation on Artificial Intelligence ” also proposed a definition of AI. According to 

the OECD, “an AI system is a machine -based system that, for explicit or implicit objectives, infers, 

from the input it receives, how to generate outputs such as predictions, content, recommendations, 

What Do We Mean by Artificial Intelligence?  

Artificial Intelligence as a Radical Technology 
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or decisions that can influence physical or virtual environments ” (OECD, 2024). Inputs, models and 

outputs are the three components of an AI system. Inputs consist of data such as numbers, text, im-

ages, rules, and code, while outputs fall into broad categories such as recommendations, predictions 

and decisions and reflect the tasks performed by AI systems. Models, the core component of AI sys-

tems, are physical, mathematical or logical structures that perform inference to generate outputs 

from inputs. Because AI systems must be developed before they can be deployed, the phrase 

“infers ... how to generate outputs ” in the definition highlights the model -building stage of AI system 

development. AI systems may operate at different levels of autonomy and can adapt by using inputs 

from the environments in which they operate.  

 AI models rely on techniques which draw on machine learning and knowledge -based 

(symbolic AI) approaches. However, one of the turning points in the development of AI was the 

emergence of applications based on artificial neural networks. Although the research underlying ar-

tificial neural networks dates back to the 1980s, the development of applications capable of produc-

ing meaningful results required advances in computer hardware, such as chips. While artificial neural 

networks have been decisive in the success of large language models, the use of these techniques 

goes beyond GenAI applications. For example, systems referred to as physical AI — including camer-

as, industrial robots, humanoid robots, and autonomous vehicles —can use AI to perceive the physi-

cal world and autonomously reach decisions and take actions which can alter their physical environ-

ment (Nvidia, n.d.). Both these systems and solutions based on other AI techniques are paving the 

way for greater use of AI in economic activity such as manufacturing, energy, transportation and ag-

riculture. 

 The concept of general -purpose technology (GPT) is used to classify technologies which have 

deeper and more far -reaching effects than other technologies. A technology or a group of technolo-



 

 

       

 
14 

gies can be considered a general -purpose technology if it is used across a wide range of economic 

activities, undergoes continuous improvement over time and enables innovation in products and 

processes. Steam engines, electricity, chips, computers and the internet are important examples of 

general -purpose technologies. AI can also be regarded as a general -purpose technology because it 

has the potential to generate all three of these effects. Some authors go further and argue that 

GenAI itself is a general -purpose technology (Calvino et al., 2025). General -purpose technologies can 

potentially eventually generate significant waves of productivity growth and improvements in living 

standards. This characteristic is one reason why many countries regard AI as a strategic technology.  

 

 

 Between 2020 and 2025, the share of businesses using AI increased significantly in most 

OECD countries, while the AI adoption rate in Türkiye remained limited at 7.4% (Figure 5). At the 

same time, it is important to bear in mind 

that the AI adoption rate is not a suffi-

ciently precise statistic; for example, it 

provides no information concerning the 

areas in which AI is used or how inten-

sively it is used. 

 A study combining ICT survey da-

ta from 15 OECD countries with balance -

sheet and employer -employee data pro-

vides important findings on how AI 

adoption varies across economic activi-

ties, the factors that may influence its 

adoption and the impact of AI on 

productivity (Calvino et al., 2026). In al-

most all countries, the ICT sector stands 

out as the sector with the highest AI 

adoption. The professional and scientific 

activities sector is the second -largest user 

of AI in many countries. By contrast, man-

ufacturing and energy come with signifi-

cantly lower AI adoption rates. While AI adoption increases in parallel with firm size, in countries such 
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as Belgium, Canada, Germany, the United Kingdom, and Japan, the divergence begins among firms 

with 50 or more employees. This finding suggests that scale provides an advantage in the adoption 

of AI technologies. The study also found that human capital and other digital technologies are im-

portant determinants of AI adoption. The presence of ICT specialists and other employees with ICT 

training increases AI adoption. Likewise, AI adoption increases as the use of digital technologies such 

as robotics, big data analytics, 3D printing, the Internet of Things, cloud computing, CRM, ERP, and e -

commerce increases. This indicates that skills and digital capabilities play a complementary role in 

enabling AI adoption.  

 The study also finds that in most countries, firms using more AI are more productive than 

firms that do not use AI, although the magnitude of this relationship varies considerably across coun-

tries (for example, the coefficient is 7.7% in France and as high as 31% in Belgium). More importantly, 

the productivity gain associated with AI adoption declines substantially when ICT skills and the use 

of other technologies are controlled for. Specifically, among the 10 countries where firms using AI 

appear to be more productive, only two show evidence that the productivity gain is actually attribut-

able to AI, while ICT skills and other digital technologies are associated with higher productivity in all 

countries. As the study points out, this finding can be interpreted as suggesting that AI is not, by it-

self, a driver of productivity growth and that benefiting from AI is conditional on digitalization.  

 In assessing the impact of technology on jobs, it would be more instructive to focus on the 

tasks that make up jobs. New technologies can affect jobs by either substituting for or complement-

ing labor in some of the tasks that constitute them. These two premises play a central role in re-

search on how GenAI will affect jobs. By employing a range of methodologies, researchers generally 

seek to establish a quantitative relationship between AI, and GenAI technologies in particular, and 

tasks, and to measure the extent to which this relationship is substitutive or complementary. They 

then use (un)employment statistics for jobs or occupations to examine the relationship between AI 

and (un)employment.  

 Gmyrek et al. (2025) determines the extent to which each task comprising a job could be au-

tomated by GPT -like technology and groups occupations by calculating the mean and standard de-

viation of their task -level automation scores. Occupations with a relatively low mean automation 

score and high standard deviation are placed in Group 1. Although some tasks in these occupations 

have high automation scores, the low scores of other tasks implies a greater role for humans in these 
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occupations. Accordingly, the augmentation effect of GenAI can be considered to be stronger for 

these occupations. Occupations with the highest mean automation score and the lowest standard 

deviation are placed in Group 4. A high mean automation score combined with low variation in task -

level automation scores implies that these occupations have the highest automation risk. These are 

the occupations most exposed to GenAI. Thus, moving from Group 1 to Group 4 implies a decline in 

the augmentation effect but an increase in the automation risk.  

 Eight of 13 occupations in Group 4 which have the highest automation risk due to GenAI be-

long to the occupational group of clerical support workers. Overall, these occupations are predomi-

nantly knowledge -intensive jobs performed in office environments.  

 Figure 6 shows the share of employment in 112 occupations exposed to GenAI (Groups 1–4) 

in total employment for the global economy. Approximately 24% of global employment is exposed 

to GenAI. However, the share of female employment exposed to GenAI is higher than for male em-

ployment (28% compared with 21%). In high -income countries, 34% of total employment is exposed 

to GenAI, with the share rising to 

41% among women, compared 

with 28% among men. In general, 

the share of employment ex-

posed to GenAI decreases as in-

come levels decline across coun-

try groups. The main reason why 

a higher share of total employ-

ment—and particularly female 

employment — in high -income 

countries is exposed to GenAI is 

that occupations such as clerical 

and financial jobs and customer services, which are among those most exposed to GenAI, are more 

prevalent in high -income countries and have a higher share of female workers.  

 Another important finding is that the share of jobs in Group 4, which has the highest automa-

tion risk, is relatively small. These jobs account for 3.3% of total employment, compared with 4.7% of 

female employment and 2.4% of male employment. Although these shares are higher in high -

income countries, the overall share of such jobs is still just 6.3% of total employment.  
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 Estimates of exposure to AI vary substantially across studies. For example, another study fo-

cusing on AI rather than GenAI and using 2024 data, finds the share of employment in highly AI -

exposed occupations to be 60% in high -income countries, 40% in emerging market economies and 

globally, and 41% in Türkiye. The same study finds that the share of routine and automatable jobs in 

Türkiye which are highly exposed to AI and in which the use of AI could substitute workers in per-

forming tasks is 18.7%. In terms of economic activities, these jobs are particularly concentrated in 

information and communication, wholesale and retail trade and professional services; by occupa-

tional group, they are concentrated among service and sales workers and clerical support workers 

(Aşık et al., 2026).  

 As the studies emphasize, these estimates do not reflect the actual impact of GenAI on em-

ployment; rather, they indicate exposure to GenAI. They should also be regarded as estimates for the 

upper boundary of the share of jobs that could potentially be affected by GenAI. Factors such as in-

frastructure constraints, shortages of digital skills, the cost of technology and limited productivity 

gains may prevent the full adoption of GenAI and limit its impact on employment.  

 Another study focusing on the US economy, using monthly occupational employment data 

between January 2021 and September 2025, suggests that the impact of AI may differ across age 

groups (Brynjolfsson et al., 2025). According to the study, employment among young workers aged 

22–25 declined significantly after 2022 in occupations such as customer service representatives and 

software developers, which are highly exposed to GenAI. By contrast, there was an increase in em-

ployment among older workers in the same occupations and among workers of all age groups in 

jobs less exposed to AI. One of the study ’s key findings is that this decline is more likely to have been 
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caused by GenAI than by factors affecting firms or industries in the same way. Employment among 

young workers aged 22–25 in the two quintiles of occupations most exposed to GenAI exhibited a 

decline relative to employment among young workers in the least exposed quintile. However, this 

decline began to emerge only from 2024 (Smith, 2026). No comparable relative decline was ob-

served among other age groups.  

 The finding that both the decline in youth employment in occupations most exposed to 

GenAI began after the end of 2022 and the portion of this decline that may be associated with GenAI 

emerged only from 2024 onward suggests that other factors may also have contributed to the de-

cline in youth employment. Another study focusing on the United States, combining unemployment 

insurance records with LinkedIn job postings, found a rise in the risk of unemployment in occupa-

tions exposed to GenAI in early 2022. It also found a lower rate of new graduates entering exposed 

to GenAI starting in 2021 when compared to earlier periods, with the gap emerging before the end 

of 2022 (Frank et al., 2026). 

 Studies attempting to quantify the extent to which tasks are exposed to GenAI may be re-

garded as assigning upper -bound values. In other words, due to the complexity encountered in ac-

tual work processes, real -world exposure to AI is likely to be lower than the theoretical estimates. 

Building on this premise, another study focuses on which tasks that large language models could 

theoretically accelerate are actually being used for job automation and measures observed exposure 

(Massenkoff & McCrory, 2026). The study finds a striking gap between theoretical potential and ob-

served exposure. At the occupational level, computer programmers (74.5%), customer service repre-

sentatives (70.1%) and data -entry keyers (67.1%) are among the occupations with the highest expo-

Table 1. 10 Occupations Most Exposed to GenAI  

Computer programmers  74.5% 

Customer service representatives  70.1% 

Data entry keyers 67.1% 

Medical record specialists  66.7% 

Market research analysts and marketing specialists  64.8% 

Sales representatives, wholesale and manufacturing, except tech-
nical and scientific products  

62.8% 

Financial and investment analysts  57.2% 

Software quality assurance analysts and testers  51.9% 

Information security analysts  48.6% 

Customer user support specialists  46.8% 

Source: Massenkoff & McCrory (2026)  
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sure to GenAI (Table 1). To assess the employment effects of GenAI, the study also compares unem-

ployment rates between workers in occupations with the highest exposure to GenAI and workers in 

occupations with the lowest exposure. It finds that the difference in unemployment rates between 

the two groups did not change following the release of ChatGPT. However, the monthly job -finding 

rate for young workers aged 22–25 in occupations most exposed to GenAI was 14% lower than in 

2022. 

 While these studies do indeed find that GenAI has negatively affected employment among 

workers aged 22–25 in occupations most exposed to the technology, other studies provide evidence 

that GenAI and youth unemployment are unrelated. For example, while the gap between the unem-

ployment rate of university graduates aged 23–29 and the overall unemployment rate has been wid-

ening since 2016 in countries such as the United States, Canada and Australia, this increase has not 

accelerated since the end of 2022. Likewise, looking at the period beginning in late 2023, when the 

share of job postings mentioning AI began to surge in the United States, there was no significant 

difference between online junior job postings in occupations more exposed to GenAI and job post-

ings in the least exposed occupations (OECD, 2026a).  

 Taken together, these findings suggest that GenAI has the potential to affect approximately 

one-fifth of global employment, while the share of jobs that could be automated is relatively small, 

at around 3.3%. Exposure to GenAI increases in parallel with the income level of each country. Wom-

en may be more affected by GenAI because of their higher representation in occupations most ex-

posed to the technology, while youth employment in highly exposed occupations may also be nega-

tively affected. 

 A relatively recent and useful framework in assessing the impact of new technologies on jobs 

classifies technologies into three different groups by focusing on tasks: a) automation technologies 

which substitute capital for labor in some tasks, b) technologies that create new tasks, and c) factor -

augmenting technologies (Acemoglu & Restrepo, 2018, 2019). Automation technologies reduce the 

number of tasks performed by labor and shift the distribution of tasks required for production to-

ward capital. Technologies that create new tasks, by contrast, shift the distribution of tasks toward 

labor. For example, since 2019, occupations based on new tasks such as Internet of Things engineer-

ing technicians, AI engineering technicians, big -data engineering technicians and robotics engineer-

ing technicians have been added to China ’s National Occupational Classification System (Arias et al., 

2025). Factor-augmenting technologies increase the productivity of labor or capital across all tasks 
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without changing the distribution of tasks in production.  

 Each technology increases productivity while encouraging the firms using the technology to 

produce more, in turn leading firms to employ more labor in tasks which can still only be performed 

by humans. However, there is a clear distinction between automation technologies and technologies 

that create new tasks. Since automation technologies eliminate some tasks and initially reduce de-

mand for labor, their net effect on employment depends on the extent to which the increase in de-

mand for labor resulting from productivity gains offsets this initial reduction. In contrast, the technol-

ogies creating new tasks increase demand for labor both through the creation of new tasks and 

through the productivity channel.  

 One missing element in discussions of AI ’s impact on employment is the extent to which AI 

will generate new tasks. Another revolves around the extent to which the productivity of AI applica-

tions leading to automation or augmentation will increase, and how much they will contribute to 

higher labor demand through this channel. However, there is considerable uncertainty surrounding 

these two critical questions, the outcomes of which will become clear in the future. Uncertainty also 

hangs over when the productivity gains potentially generated by AI will be reflected at the macroe-

conomic level, with such effects likely to be delayed. For example, although the first power plant in 

the United States was established in 1882, the widespread adoption of electricity in manufacturing 

and the resulting productivity gains did not emerge until the 1920s. Similarly, while the ICT revolu-

tion began in the 1970s, productivity gains did not emerge until the mid -1990s and proved relatively 

short-lived, ending by the mid -2000s (Gordon, 2016). Since AI is a digital technology, its effects are 
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less likely to emerge with a delay as long as in these historical examples; nevertheless, the duration 

of AI-driven productivity gains remains uncertain.  

 At the same time, as businesses more widely adopt AI, it would be reasonable to expect at 

least some of the jobs most exposed to AI to come under pressure through automation. In this case, 

the extent to which the productivity gains generated by these technologies have a compensating 

effect on employment will be crucial. However, job losses will inevitably occur when this compensat-

ing effect is insufficient. This raises the question of how skills policy should be designed as AI be-

comes increasingly widespread. In addition to basic ICT skills, acquiring advanced ICT skills —

including the ability to understand and apply programming and AI algorithms —will facilitate both 

adaptation to changing jobs and continued learning. At the same time, metacognitive skills such as 

critical and creative thinking, the ability to learn and self -regulation and social and emotional skills 

such as empathy, responsibility and collaboration can play a complementary role. Policymakers 

therefore need to develop policies that help individuals acquire these capabilities and expand life-

long learning and skills -development programs (OECD, 2026b).  

 Since the 2008 global financial crisis, industrial policy has been applied with increasing fre-

quency in both advanced and developing economies. Moreover, in most countries, particularly ad-

vanced economies, industrial policy has increasingly focused on high - and medium -high -tech sec-

tors and clean energy technologies. Countries pursuing industrial policies motivated by strategic 

competitiveness, climate change mitigation, resilience, national security and supply chain security 

are scrambling to avoid falling behind in the ongoing technological transformation.  

 Technology policies which can be classified as part of industrial policy focus directly on tech-

nology. Mission -oriented technology policy seeks to develop new and radical technologies in order 

to achieve nationally defined missions and gain international leadership (Ergas, 1986). However, de-

veloping radical technologies is neither the only way to advance technology nor does it guarantee 

the sustainability of competitiveness. Policies on technology may also prioritize expanding industry ’s 

capacity to adapt to technological transformation and promoting the broader use of existing ad-

vanced technological capabilities throughout the economy (Carlsson & Jacobsson, 1994; Ergas, 

1986). Such policies are referred to as diffusion -oriented policies. Rather than creating entirely new 

products, diffusion -oriented policy focuses on micro -inventions involving incremental improve-

Policies for Technological Transformation 
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ments, as well as on increasing production efficiency and product quality (Chiang, 1991).  

 Diffusion -oriented technology policy relies on public or private institutions able to scan and 

monitor advanced technologies and facilitate their diffusion among firms. While it is relatively easy 

for large-scale firms to become aware of new technologies, this is considerably more difficult for the 

numerous smaller firms, particularly SMEs. Moreover, the scanning and monitoring in this context 

needs to be carried out in a timely manner. Sweden, for example, began adopting emerging factory 

automation technologies at an early stage, both through such institutions and through firms ’ ability 

to identify opportunities in a timely manner. Throughout the 1980s, Sweden became one of the 

countries with the most intensive use of technologies such as numerical -control machine tools, in-

dustrial robots, flexible manufacturing systems and computer -aided design, even though the coun-

try had not developed these technologies itself (Carlsson & Jacobsson, 1994). Similarly, in 2017, Chi-

na identified AI as a strategic technology and published a policy document aimed both at develop-

ing the technology and promoting its use throughout the economy (DigiChina, 2017). China had 

previously also pursued diffusion -oriented policies aimed at expanding firms ’ adoption of technolo-

gies such as the internet and industrial robots (Güven, 2026).  

 Diffusion-oriented policies are an important component in the ongoing technological trans-

formation in at least three areas. First, such policies seek to roll out technologies and practices which 

reduce carbon emissions, improve resource efficiency, reduce environmentally harmful waste and 

promote circularity across firms. Second, diffusion -oriented policies may facilitate the adoption of 

new technologies and production practices which extend beyond the basic set of digital technolo-

gies and are more widely used, particularly in manufacturing and agriculture. Third, they may sup-

port the wider use of AI applications in agriculture, manufacturing and services in order to benefit 

from the opportunities offered by AI, which represents the beginning of a new wave of digitalization. 

The digital nature of AI, together with the availability of open -source and open -weight models, indi-

cate the considerable potential of strategies focused on expanding the use of AI. As the World Bank 

emphasizes, developing economies stand to benefit from the myriad of opportunities offered by AI 

by prioritizing its adoption and adaptation to their own circumstances (World Bank, 2026). Türkiye ’s 

Artificial Intelligence Action Plan likewise aims both to develop AI -based technologies and to widen 

the use of AI, particularly in industry and the public sector (STB, 2026).  

 New technologies which typically emerge in advanced economies typically follow in develop-

ing economies with a lag. Developing economies often begin producing these new technologies on-

ly after they have reached a certain level of maturity. As a result, they tend to catch up with techno-

logical revolutions with a delay, with production relying heavily on imitation. When it comes to the 
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green transition, however, develop-

ing economies do not need to wait 

for green and renewable energy 

technologies to mature, as they 

have done with previous techno-

logical revolutions (UNCTAD, 2023). 

In other words, developing econo-

mies are in a position to adopt an 

innovation policy based on directly 

developing green technologies, 

which can be referred to as green 

innovation, thus allowing them to 

both pursue the green transition and derive greater benefits from the green growth driven by these 

technologies. Countries may encourage green innovation through well -designed industrial policies. 

Evidence suggests that those countries adopting an approach that goes beyond learning from lead-

ing countries in relatively new technologies have achieved success. Brazil, for example, has become a 

technology leader in biofuels, while China has emerged as a leader in solar panels. Both countries 

employed industrial policies to create strong domestic demand and invested in R&D and human 

capital (UNCTAD, 2023).  

 It is also important to recall that FDI plays an important role in technology transfer, supply 

chain integration and access to foreign markets. However, technological transformation, the rise of 

industrial policy, and geopolitical tensions are all affecting FDI. While the share of strategic sectors in 

greenfield investment is increasing, the share of other sectors is declining, partly as a result of the 

restructuring of global supply chains. Moreover, as advanced economies seek to attract international 

investment by committing greater resources, developing countries should, above all, establish stra-

tegic priorities and focus on a limited number of activities which can support structural transfor-

mation (UNCTAD, 2026). In addition, incentives provided under industrial policy should target tech-

nologies and activities which are relatively close to a country ’s existing capabilities while also offer-

ing the potential to generate structural transformation. For example, countries which host the critical 

minerals needed for technological transformation should go beyond mineral extraction and pro-

mote investments which establish higher -value-added refining, processing and materials production 

capabilities. Finally, prioritizing the infrastructure investments required by the green transition and 

the renewed momentum in digitalization with the increasingly widespread use of AI would not only 
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accelerate the technological transformation but also encourage FDI.  

 Technological progress, the fundamental driver of long -term growth in per capita income, 

also creates significant opportunities for environmentally sustainable development. With the emer-

gence of the new technologies at the heart of creative destruction comes a contraction in activities 

based on older technologies, the closure of some businesses and employment losses in certain occu-

pations. Despite these challenges, new technologies support development by creating new areas of 

activity, supporting expansion in existing areas and facilitating the emergence of new jobs. By driv-

ing productivity growth, technological progress contributes to higher per capita income while also 

supporting an expansion in total employment by stimulating economic growth.  

 Green technologies, in turn, help ensure development is environmentally sustainable. 

Through decarbonization, the more efficient use of resources and steps to reduce waste, green tech-

nologies help protect the environment and restore ecosystems. Development banks also contribute 

to environmentally sustainable development by financing the development and diffusion of both 

green and other technologies.  

 The process of digitalization is ongoing with a combination of digital technologies and other 

technologies leading to the digitalization of a wide range of goods and services and the emergence 

of new economic activities based on digital technologies. However, technological transformation 

encompasses a transformation that goes beyond the broader adoption of core digital technologies 

throughout the economy. Green technologies, which largely consist of clean energy technologies, 

not only create synergies with digital technologies but also represent a technological renewal in 

their own right. Moreover, the intermediate inputs and capital goods, particularly those used in agri-

culture and manufacturing, rely on a much broader technological base than digital technologies. De-

veloping these technologies therefore remains important for many developing countries, including 

Türkiye. 

 AI is revitalizing digitalization, but there is considerable concentration in the development of 

Conclusion 
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AI models, the production of technologies such as chips and investment in AI infrastructure. Despite 

widespread concerns that AI, which is spreading more rapidly than computers and the internet, will 

lead to significant employment losses, the share of global employment that could be most affected 

by automation through GenAI appears to be relatively limited. There also remains considerable un-

certainty regarding the time horizon and magnitude of AI ’s contribution to productivity growth and 

the number of new tasks and jobs that it will create. At the same time, AI may adversely affect certain 

occupations through automation, which appears to be placing a particular pressure on youth em-

ployment. Skills policies therefore need to focus on developing skills that incorporate digital capabil-

ities and are aligned with the broader scope of technological transformation. Supporting youth and 

women ’s employment is also important for minimizing the risks faced by these groups.  

 The digital nature of AI and its emergence on top of previous waves of digitalization are facili-

tating its rapid diffusion. The increasing accessibility of open -source and open -weight models also 

offers significant opportunities, particularly for developing economies. However, easy access to AI 

does not mean that every firm is able to readily use the technology. Since technologies can have a 

meaningful impact on the economy only when they are widely adopted, designing and implement-

ing diffusion -oriented policies to promote the adoption of AI in agriculture, manufacturing, energy 

and services will play a critical role in converting the potential of this technology into reality.  

 Diffusion -oriented policies that take the broad scope of technological transformation into ac-

count should also target technologies beyond AI. Identifying emerging advanced technologies and 

enabling firms to adopt them at an early stage can generate productivity gains and facilitate the de-

velopment of higher -quality products. Diffusion -oriented policies could complement policies fo-

cused on developing radical technologies and contribute to technological progress based on incre-

mental improvements. Mission -oriented policies should likewise focus on developing critical and 

strategic technologies, particularly green technologies.  

 Industrial policies are becoming increasingly prominent, while advanced economies are us-

ing substantially more resources than developing economies, particularly through incentives, to sup-

port domestic production of advanced technologies. This is also reflected in FDI. In such an environ-

ment, it is crucial that developing economies, whose financial resources are relatively limited, estab-

lish strategic priorities and pursue an FDI policy that promotes activities contributing to structural 

transformation, sustainability and resilience.  
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