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Introduction

Artificial intelligence (Al) is no longer the stuff of science fiction; it is unleashing a new wave of
technological change. In a few short years, the application of Al models has evolved from machine-learning
algorithms that generate forecasts and predict optimization strategies to Al chatbots that generate content
based on text, audio, and video inputs by humans. The potential economic impacts are manifold.

There is optimism about Al enabling developing countries to leapfrog development challenges by reducing
human error, optimizing complex production and distribution processes, and facilitating decision-making.
Examples abound. Al can help address long-standing market failures—for example, in credit markets,
where banks can provide loans to more people by using Al algorithms to trace people’s digital presence and
assess their creditworthiness. Al also has the potential to fill in skills gaps in areas such as education and
health services, which lack skilled teachers and doctors. The use of Al-generated business advice, powered
just through smartphones and high-speed internet, can make small enterprises more profitable and
productive.

Such optimism should not be unbridled. Al could widen the gap between high- and lower-income countries
because of its onerous requirements for computing power, data, and skills. Advances in Al could automate
some tasks—resulting in job losses for some and lower wages for others. There are also concerns about
competition and dependency—namely, that a few large technology companies headquartered in high-
income countries could have an advantage in creating and deploying Al. Moreover, without appropriate
safeguards, Al can reinforce biases, misdiagnose needs, or result in flawed decisions that could make the
solution worse than the problem.

World Development Report 2026 (WDR 2026) will investigate the development implications of Al as a
general-purpose technology (GPT)' and assess what might be the best policy choices to leverage the
benefits of Al while offsetting potential risks. In doing so, it will focus on the institutional and governance
arrangements needed to ensure inclusive and responsible deployment of Al. The aim of the Report is to
provide a developing-country perspective on a topic for which the academic and policy discussion has
focused primarily on high-income countries.

The first part of the Report will decode Al as a technology to identify its salience for development. In doing
so, it will define the scope of the technology and identify its core economic functions. It will also assess
how Al is similar or dissimilar to previous waves of GPTs and in what ways Al is salient for development.
Further, it will present a conceptual framework to assess how Al can improve, skew, or lower societal
welfare through its economic, social, and political impacts and what policies would enable low- and middle-
income countries to leverage Al to achieve better development outcomes.

The second part of the Report will assess the development implications of Al. In doing so, it will focus on
how Al can affect people’s welfare in low- and middle-income countries through its impact on economic
growth and jobs (economic), the delivery of government services (social), and broader sociopolitical change
(political). These impacts of Al on economic, and social development will fundamentally draw on the role
of Al in enhancing capabilities of people, including many low-skilled workers, owners of small enterprises,
and governments that are often capacity constrained.

This also includes the role of Al in bringing about wider sociopolitical transformation, both positive and
negative. Al is driving the production of new ideas, democratizing access to personalized information, and
reshaping the nature of social interactions, but also raising cybersecurity risks, eroding fundamental
cognitive learning, and obfuscating political processes by enabling surveillance and the spread of
propaganda. The market dynamics of Al as a product are also relevant to the discussion about potential
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societal harm. For example, Al could result in significant environmental harm through its demand for
energy resources. Similarly, Al could amplify geopolitical contestation with its “winner-takes-most” market
dynamic and the possibility that the benefits of Al are concentrated among a few advanced economies.

The third part of the Report will identify policy priorities for low- and middle-income countries to enhance
the value of Al for development while mitigating adverse effects. Policy choices made today will shape
countries’ preparedness to leverage Al for development tomorrow. Governments around the world are
committed to investing considerable resources on developing Al. Yet numerous challenges, especially in
developing countries, can limit the technology’s potential benefits. First, there is the difficulty of
leapfrogging previous GPTs: the use of even basic information and communication technologies (ICT) is
far from universal because of the lack of finance, skills, institutional capabilities, and other complementary
factors in many developing economies. Second, there is the challenge of extracting greater value from the
use of Al for businesses in developing economies, and the perennial challenge of equity versus efficiency:
specifically, of balancing Al-generated efficiency gains with ensuring that large numbers of people do not
get left behind. Finally, there is the possibility of governments in low- and middle-income countries having
to always play catch-up: it is difficult to implement regulations, especially with weaker institutional
capabilities, that need to keep pace with a rapidly evolving technology.

Part I: Decoding Al for Development

1. Decoding AI

Al can enhance capabilities

Artificial intelligence (Al) means different things to different people. Descriptions range from Al being a
prediction technology and a tool that increases the value of human expertise to Al referring to intelligent
machines that are capable of reasoning. All these perspectives suggest that Al’s key function is implicit in
the name of the technology. Al has unleashed a new wave of technological change that enables a machine
to impart expertise associated with intelligent human behavior. Unsurprisingly, the Oxford English
Dictionary defines Al as “the theory and development of computer systems able to perform tasks normally
requiring human intelligence.”

In principle, Al can raise capabilities and lower barriers to entry in terms of what kind of work people can
do (Autor and Thompson 2025). There is evidence of such “leveling up” across activities such as customer
support (Brynjolfsson et al. 2025), professional writing (Noy and Zhang 2023), and software development
(Cui et al. 2024). When Al surpasses human capabilities to scale up activity and do things faster, Al can
also enable people to do new tasks. The work of two recently crowned Nobel laureates in Economics,
Philippe Aghion and Joel Mokyr, also emphasizes the fundamental role that Al will play in generating new
ideas and knowledge.

In practice, “Al is an umbrella term for a set of loosely related technologies” (Narayanan and Kapoor 2024).
ChatGPT and other large language models can write text, generate software code, summarize documents,
and draw images while machine learning algorithms can optimize decision-making through, for example,
better predicting weather forecasts or evaluating loan applicants.”. Al has been described as prediction
machines that depend on data, statistical models, and judgement (Agrawal et al. 2024). The use of Al in
real-world applications can be organized into three categories based on the underlying cognitive function
that it performs. This categorization mirrors the technology’s evolution from predictive Al to generative Al
and agentic Al



e Predictive Al uses statistical and machine learning (ML) models for prediction or classification
tasks. Machine learning models can analyze historical as well as real-time data to detect patterns,
generate forecasts, make recommendations, or guide optimization decisions. For example, ML
models extract insights from unstructured data, such as images, audio, and text, to analyze
radiology scans and use drone imagery to detect crop disease. Similarly, ML predictions based on
past data have optimized responses to food crises, detected fraud in financial markets, and guided
resource allocation in government programs.

o Generative Al (GenAl) creates new content, such as text, images, or audio. Most generative Al in
use today consists of large language models (LLMs), such as ChatGPT, Gemini, Claude, and
DeepSeek-R1. These LLMs are used as general-purpose Al chatbots.? LLMs can be trained or
finetuned to build Al chatbots (such as for medical diagnosis or personalized tutoring) that can
provide specific advice or assistance. These Al tools can, for example, summarize documents, draft
legal contracts, generate educational materials, or engage in customer service interaction.

o Agentic AI combines predictive and generative Al with capabilities of reasoning and interacting
with the broader operating environment to execute a series of tasks independently based on goals
and context and learning gained during the process. Early-stage examples of Al agents include self-
driving cars and software programming assistants such as Claude Code and OpenAlI’s Codex.

These categories of Al are not mutually exclusive in terms of the cognitive functions they perform. In fact,
each category expands upon the capabilities of the previous category. For example, the outputs of generative
Al, such as images, text, and audio, also involve prediction but are accessible to people on their smartphones
without any specialist skills or training in a particular task. They can serve as a “front end” to specialist
predictive Al systems whose outputs may have been previously difficult to access, understand, or interpret
by many potential users—such as machine learning models to assist diagnosis of malaria and typhoid fever
(Attai et al. 2024). Similarly, the ability of agentic Al to execute a series of tasks rests on both prediction
and content generation, but there is little evidence so far on its potential impacts. As a result, much of the
discussion in this Report will focus on predictive and generative Al tools.

Al is not new, but it is increasingly more powerful and pervasive

The conceptual foundations of Al can be traced back to the “Turing Test,” which evaluates whether a
machine’s responses are indistinguishable from those of a human (Turing 1950). The formative era during
the 1960s was based on symbolic systems that used hand-coded rules. ELIZA, a chatbot that mimicked
conversation through simple pattern matching, is a much-cited example (Weizenbaum 1966). ELIZA’s
language capabilities largely came from individual “scripts.” The most famous script, Doctor, engaged
users with open-ended questions and responses characteristic of an empathic psychologist. Such chatbots
illustrated technical feasibility but could not be scaled up without exhaustive manual input.

Subsequently, data-driven approaches in which Al models learned patterns directly from data overcame the
reliance on humans to define rules. In the 1990s, ML techniques—such as decision tree algorithms that
predicted the value of a target variable based on several input variables—enabled applications like spam
filtering and credit scoring (Quinlan 1986). However, the reliance on human experts to engineer inputs
specific to certain tasks, especially for unstructured data like images or text, limited their scalability. The
2010s marked a turning point with advances in computing hardware, large-scale labeled data sets like
ImageNet (Deng et al. 2009; Krizhevsky et al. 2012), and improved data training techniques (LeCun et al.
2015). These developments enabled deep learning: brain-inspired neural network models with tens of
millions of parameters that could automatically learn abstract features directly from data. This paradigm
shift led to major breakthroughs in image recognition, speech recognition, and natural language processing
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and enabled a range of task-specific applications, such as customer service chatbots or Al assistants, such
as Apple’s Siri, Amazon’s Alexa, Google’s Assistant, and Microsoft’s Cortana.

The transition to the modern era of Al has been marked by a shift from narrow, task-specific models to
flexible, large language models that learn patterns from massive, unlabeled, and often multimodal data sets
such as text, images, and code (Bommasani et al. 2021; Vaswani et al. 2017). These models underpin the
success of chatbots such as ChatGPT, Gemini, and Claude, which can generate text, images, code, and other
outputs with simple prompts (Radford et al. 2018). Importantly, they can generalize across tasks they were
not explicitly trained for (Brown et al. 2020). These chatbots are versatile and can be used across a variety
of applications, including information retrieval, customer support, e-commerce, and the provision of
education and health services.

Looking ahead, there is a great deal of uncertainty about the future trajectory of Al. Most discernibly, the
technological frontier is shifting toward advanced Al agents that not only generate content but also plan
actions, interact with tools, and execute tasks (Yao et al. 2023). While still unreliable over long sequences
of tasks, the performance of Al agents is improving rapidly. Existing benchmarks suggest that the length of
tasks they can complete is doubling every seven months (Kwa et al. 2025; Wang et al. 2024).

Al has heralded a wave of general-purpose technological change

Previous general-purpose technologies (GPTs), including the steam engine, electricity, computers, and the
internet, were characterized by widespread use, the potential for continuous innovation, and complementary
innovation in application industries (Bresnahan and Trajtenberg 1995). Based on these metrics, a cluster of
Al-related technologies—including big data, data mining, data science, machine learning, and natural
language processing—consistently ranks at or near the top among a large set of innovative technologies
(Goldfarb et al. 2023).* As Erik Brynjolfsson (2022) notes, “a good case can be made that Al is the most
general of all general-purpose technologies: after all, if we can solve the puzzle of intelligence, it would
help solve many of the other problems in the world.”

First and foremost, the potential applications of Al are widespread, at least in advanced economies where
the technology is likely to diffuse faster than in developing countries. Evidence from the United States
shows that about 80 percent of the workforce has at least 10 percent of their work tasks exposed to the
capabilities of LLMs, and approximately 19 percent of workers have at least 50 percent of their tasks
exposed (Eloundou et al. 2024). Evidence from the United States also shows that generative Al is used
across occupations and sectors, even though it is used more by people employed in computer-related,
management, and business-related occupations and among ICT, professional, finance, and business services
(Bick et al. 2024).

Second, the potential for continuous innovation is manifested in the rising capabilities and falling costs of
Al models. The capabilities of Al systems increasingly surpass average human performance on an
increasing set of tasks, such as image classification, language and visual understanding, advanced
mathematics, and reasoning (refer to figure 1, panel a). The pace of improvement has accelerated sharply
in recent years. In competition-level mathematics, Al leaped from 10 percent of the best human performers
to parity in less than two years (2021-23), and Al performance on PhD-level science questions exceeded
human parity within less than one year (2023-24) (Maslej et al. 2025). Al usage costs have also been
declining rapidly. For example, processing one million words with GPT-3.5, the model that powered the
first released version of ChatGPT, fell from about US$20 in late 2022 to just US$0.07 by late 2024 (Maslej
et al. 2025). The sharpest reductions in price are occurring in more advanced generative Al models (refer
to figure 1, panel b).*



Figure 1 AI models are becoming more capable and cheaper to use
a. Benchmarking Al models against human b. Usage costs of generative Al models
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Third, the deployment of Al has been accompanied by complementary innovations across a range of
application industries, including in developing countries. The feedback loop of innovation in producing and
using industries has the potential to generate sustained productivity growth. Such innovation in using
industries is carried out by entrepreneurs and software developers who generate and customize Al
applications for specific contexts. The number of Al projects on the software development platform
GitHub® has ballooned from zero to nearly 150,000 in the past decade and more than doubled between just
2023 and 2024 (GitHub 2024). The number of Al start-ups globally exceeded 10,000 by mid-2024, with
more than 70,000 Al-focused companies in total by 2025, highlighting massive growth in the Al application
ecosystem (HubSpot 2025; Maslej et al. 2025).°

Some characteristics of Al distinguish it from previous GPTs

Al affects a different set of tasks

The spread of computers largely affected routine cognitive tasks and was associated with falling numbers
of middle-skilled, middle-wage jobs and increasing numbers of high- and low-skilled jobs across the United
States and Europe (Autor and Dorn 2013; Autor et al. 2006; Goos et al. 2014). The spread of physical robots
mostly affected routine manual tasks. For example, evidence from advanced economies shows that the share
of hours worked by low-skilled workers fell with increased use of industrial robots, while the share of hours
for middle- and high-skilled workers rose (Graetz and Michaels 2018). Al has increased capabilities in
many areas, such as prediction, speech recognition, image processing, and content generation. It is therefore
not surprising that non-routine cognitive tasks are more exposed to generative Al than routine manual tasks
(refer to figure 2). This impact spans white-collar occupations that require advanced degrees, such as
software developers, financial analysts, designers, and marketing professionals, and is concentrated among
high-skilled services industries such as finance, accounting, insurance, and legal services (Bick et al. 2024;
Felten et al. 2023). The exposure of a task to Al could result in either automation, such as Al replacing a
human in that task, or augmentation, such as Al complementing a human in that task.



Figure 2 Non-routine cognitive tasks are more exposed to generative Al than routine manual tasks
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Access barriers are likely high for frontier Al innovation but low for Al adoption

Frontier AI model development is almost entirely based in high-income countries and in China (refer to
figure 3, panel a). This pattern is not dissimilar to innovation in previous waves of technological change.
Within high-income countries, frontier AI model development is increasingly concentrated among firms
(refer to figure 3, panel b). These are largely the Al research labs in big tech companies (including OpenAl,
Anthropic, Google, Microsoft, Meta, DeepSeek), largely headquartered in the United States and China.
This concentration among a few firms is explained by the growing financial cost of developing frontier Al
systems that requires hardware inputs such as semiconductors, massive computing infrastructure, large
amounts of big data, and engineering talent to gain an advantage (Corba et al. 2024; Kaplan et al. 2020;
Maslej et al. 2025).” Many of these big technology companies are vertically integrating or investing in other
companies across the entire Al value chain, which includes activities such as customizing hardware
components, constructing data centers, developing frontier LLMs, and deploying end-user applications.
There is early evidence that the returns to scaling in driving Al advances might diminish and reduce access
barriers to frontier Al innovation in the future.®



Figure 3 Al innovation is concentrated in high-income countries and in the private sector
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and all other types of developers, including academia, government, and/or a collaboration between multiple developer
types, such as the private sector.

At the same time, access barriers to adopting Al are low, at least for generative Al. Generative Al advisory
tools can be accessed through plain (local) language prompts in chatbots on smartphones, enabling use by
people without formal technical skills or expensive hardware. In contrast, the use of personal computers
typically needed specialized training, such as programming and spreadsheet literacy, as well as multiple
software subscriptions and more expensive hardware (Brachman et al. 2025). Generative Al has also
lowered entry barriers for building Al applications. Coding done by Al, such as through no-code software
development platforms, enables the development of Al apps without sophisticated coding skills and
computing power. People can code in plain English rather than a computer programming language and can
do so accessing Al models through cloud platforms.

The local context is central for Al applications

The effectiveness of Al solutions, by construction, depends on the quality and relevance of the data they
are trained on. This distinguishes Al from previous digital technologies. Much of the training data used to
train the largest foundation models is sourced from the internet. And a handful of languages dominate most
internet content. The imbalance is most pronounced in text training data. As of April 2024, 56 percent of
open-source data sets on Hugging Face, a leading Al model repository, were in English (World Bank
2025a). Similarly, nearly 98 percent of scientific papers are estimated to be written in English, even by
researchers from countries where English is not the native language (Gordin 2015). This imbalance in data
availability has contributed to Al models being trained largely on data sets originating from high-income
countries and China (Longpre et al. 2024). In contrast, more than 2,000 languages spoken in Africa are
neglected in these LLMs. For example, ChatGPT recognizes only 10 percent to 20 percent of sentences
written in Hausa, a language spoken by 94 million people in Nigeria (Wild 2025).°
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AD’s promise for development

Al is more likely to complement workers than displace them in developing countries today

Al is more applicable to cognitive tasks than manual tasks, and cognitive tasks account for a smaller share

of'tasks in developing countries. It is thus not surprising that a smaller share of tasks in developing countri

€S

is exposed to Al (Cazzaniga et al. 2024; Demombynes et al. 2025). In fact, a lower share of jobs is exposed

to automation by Al in developing countries than the share that is exposed to augmentation by Al (refer

to

figure 4, panel a). Further, a lower share of jobs is exposed to automation by Al in developing countries

than in high-income countries (refer to figure 4, panel b).'° This implies that the augmentation potential
Al may not materialize in developing countries with low Al adoption, which has three implications.

Figure 4 The share of jobs exposed to AI automation is lower in developing countries than in
advanced economies, and is lower than the share exposed to AI augmentation
a. Jobs exposed to GenAl (automation versus b. Jobs exposed to automation
augmentation)
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Note: Panel a: According to Gmyrek et al. (2025), automation = the share of employment with GenAI Exposure
Gradients 1-2; augmentation = the share of employment with GenAl Exposure Gradients 3—4; not exposed = the
share of employment with low/no GenAl Exposure. GenAl = generative artificial intelligence; HIC = high-income
countries; LIC = low-income countries; LMIC = lower-middle-income countries; UMIC = upper-middle-income
countries. In panel b, data labels use International Organization for Standardization (ISO) country codes.

However, the process of structural transformation, whereby people typically move from less to more

productive activities and from less skilled to more skilled tasks, might encounter greater hurdles, such
with call centers and business process outsourcing. Second, Al can augment the capabilities of workers

as
n

developing countries, thereby raising efficiency. This could be manifested in better-paying jobs and higher
productivity among many small businesses, improved public service delivery (such as tax collection, social
protection, and grievance redressal) that especially matters for the well-being of the poor, as well as higher-
quality education and health care, which improve income-earning opportunities in the future. In this way,
Al can accelerate progress toward overcoming development challenges. Third, realizing the potential of Al

to augment workers’ capabilities in developing countries depends on the actual adoption of Al
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Al use might diffuse faster than previous GPTs

The adoption lag between high- and lower-income countries has been shrinking with each wave of GPTs.
Evidence suggests that this technology adoption lag was cut from about 80 years for the steam engine to 40
years for electricity, and then to about 20 years for computers and the internet (Comin and Mestieri 2018).
The low access barriers to Al adoption means that the use of Al tools has the potential to diffuse rapidly
from high- to lower-income countries. '

When ChatGPT was launched on November 20, 2022, more than 70 percent of user traffic originated from
the United States, where the model was developed, but within six months, middle-income countries
collectively accounted for half of ChatGPT traffic following the release of GPT-3.5 (Liu and Wang 2024).
India, Brazil, the Philippines, and Indonesia comprised four of the top five countries in terms of ChatGPT
traffic by the end of March 2024 (refer to figure 5, panel a). Middle-income countries also exhibit
disproportionately high Al adoption compared to other economic indicators (refer to figure 5, panel b). For
instance, India’s GDP is 14 percent of US GDP, India’s electricity consumption is 35 percent of US
electricity consumption, and India’s internet search engine traffic is 30 percent of US search engine traffic;
yet India’s generative Al website traffic is more than 50 percent of US generative Al website traffic.

Figure 5 Adoption of generative Al by middle-income countries is disproportionately high

a. GenAl traffic, by country, top 20 b. GenAl traffic, search engine traffic,
electricity consumption, and GDP of leading
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Al models can be adapted and customized to context

Adapting and customizing Al models to incorporate local data are likely needed for Al to deliver value and
address bias in diverse contexts (Christian 2020; Liu and Wang 2024). The availability of open-source
foundation Al models'? developed in advanced economies is a prerequisite to facilitate such adaptation.
Cloud-based software development platforms, such as Hugging Face and GitHub, have expanded access to
open-source Al models by allowing developers to use them over the internet (Bommasani et al. 2021).
Further, these “low-code” or “no-code” software development platforms allow domain experts and non-
technical users to interact with Al systems using plain language rather than software code (Brachman et al.
2025). This has enabled smaller organizations, start-ups, and research institutions to build Al applications
without frontier-scale infrastructure and skills.
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Recent developments show that smaller open source Al models that rely on the judgments of the original
Al model but are trained efficiently on local data can match or even exceed the performance of much larger
proprietary systems at a fraction of the cost (Abdin et al. 2024; Sevilla and Roldan 2024)."* These small Al
models can also be run on laptops or smartphones, enabling offline use in low-connectivity settings (Hinton
et al. 2015). This shift opens new opportunities for fine-tuned and mobile-ready models that are increasingly
viable for real-world use, particularly in low- and middle-income countries.

Most developing countries are poised to benefit from Al adoption and adaptation rather than Al
advancement

Al’s value for transformational change can be leveraged along its value chain from developing core Al
models (advancement), to developing and customizing Al solutions (adaptation), and using off-the-shelf Al
tools (adoption). There is a hierarchy of costs around adopting, adapting, and advancing Al technologies.
Investments in terms of internet connectivity, computing infrastructure, training data, frontier skills, and
model testing are the least for adopting off-the-shelf Al solutions, the most for advancing core Al
technologies, and somewhere in the middle for adapting Al solutions to local contexts.

Most low- and middle-income countries are less likely to be involved in Al advancement—that is, the
development of frontier AI models—given the high requirements for computing infrastructure, training
data, and talent. The choice will largely be between Al adoption and Al adaptation. On the one hand, the
adoption of ready-made Al solutions is likely to be the most cost-effective way to expand the productive
use of Al and enhance the capabilities of firms, workers, and governments. On the other hand, the adaptation
of Al solutions can enable developing economies to extract more value from the Al value chain while also
better aligning Al models to the local context. The role of small Al models that are trained on local data for
specific use cases and can be used in low-connectivity settings will play a central role in the adaptation of
Al solutions. Adaptation may also spur adoption, for example, if the Al solutions align better with local
norms and regulations.

Al may deliver slowly on its promise for development

1t is difficult to leapfrog previous GPTs

While Al may enable countries to leapfrog development challenges, leapfrogging waves of technological
change is practically impossible. While leapfrogging over special-purpose technology is possible (such as
skipping landline telephones in favor of mobile phones), it is difficult for countries to leapfrog general-
purpose technologies. Technological advancement is a cumulative process, and countries must first catch
up. The steam engine was necessary for firms to take advantage of electric power, and electricity was a
precondition for information technology. Similarly, the deployment of Al models relies, in large part, on
having access to electricity, internet connectivity, and affordable telecommunication services. It is hard to
see countries leapfrogging into the use of Al without sufficient diffusion of electric power, internet
connectivity, and affordable telecommunication services. '*

However, the lack of digital infrastructure might constrain the wider adoption of Al in low- and middle-
income countries where even the use of smartphones is far from universal (refer to figure 6). The same is
true for the digital connectivity of businesses. For example, less than 50 percent of firms in developing
countries use a website, up from 26 percent in the late 2000s. In contrast, more than 82 percent of firms in
advanced economies use a website, up from 55 percent in the late 2000s (Nayyar et al. 2024). Similarly,
more than 80 percent of advanced economies have an online government e-services portal, compared to
only 38 percent of developing countries (Nayyar et al. 2024).

13



Figure 6 Access to smartphones is far from universal in lower-income countries
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Lessons from previous GPTs show that economic impacts of technology adoption are gradual
Evidence from previous GPTs shows that the wider diffusion of Al will likely be limited by the slow pace
of change in organizational processes. For example, the productivity impacts of electric power in the United
States were experienced long after the technology first came to the market. Notably, the pace of factory
electrification was slowed by the cost of changing factory layouts and instituting the organizational
processes necessary to engineer the technology switch (David 1990). Similarly, in nineteenth-century
France, the productivity impacts of mechanized cotton spinning took time to materialize, given a lengthy
period of “trial and error” in reorganizing production (Juhasz et al. 2024). More recently, the slowness in
the rise in productivity that has accompanied the spread of computerization has been attributed to the need
for complementary investments in organizational processes and other intangible capital (Bresnahan et al.
2002; Brynjolfsson et al. 2021).

The market dynamics of Al as a product might slow the adaptation of Al applications

Many developing countries currently lack the foundational building blocks that enable Al applications to
be customized to the local context. Developing countries account for only 5 percent of high-performance
computing capacity and only 12 percent of secure internet servers. In 2024, more than 85 percent of Al
training data start-ups were located in high-income countries and less than 10 percent of venture capital
funding in training data start-ups was being channeled to firms outside the United States and China (World
Bank 2025a). Last, but not least, large flows of Al talent originate in China and India and converge in the
US innovation ecosystem.

Further, the vertical integration of big technology companies across developing frontier LLMs and
deployment of end-user applications might limit opportunities for developing Al applications in low- and
middle-income countries. In particular, there is a risk of technological lock-in with early Al applications
developed by the big technology companies. The high sunk costs and network effects associated with the
choice of hardware, software, and algorithms can make these decisions hard to reverse. For example, when
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a small number of Al solution vendors dominate, governments can become dependent on them for
procurement and the dominant players can shape standards and regulatory frameworks (World Bank
2025¢)."

The lack of trust due to the societal harms of AI may be a barrier to wider diffusion

Wider Al adoption might be limited if users mistrust Al. First, Al models can produce confident but
incorrect outputs, known as hallucinations, especially in technical domains or when asked about recent
events. In fact, Al solutions might perform well on recognized benchmarks but may fail when applied to
specific tasks within firms. Second, similar to how the internet increased crime by making harmful acts
easier to commit and harder to detect (Bhuller et al. 2013; Moore et al. 2009), Al can increase criminal
activity through deep fakes and cybersecurity risks. Al can also amplify social media to spread propaganda
and enable societal polarization. For example, predictive Al algorithms in social media platforms often
prioritize content consistent with users’ existing beliefs to maximize user engagement—which, in extreme
cases, could even fuel civil unrest.'® Third, AI models can encode historical and structural biases, thereby
perpetuating them (Bender et al. 2021). Further, Al models trained on English language data sets might be
misaligned in certain contexts and cultures. Such risks are exacerbated in low-capacity environments,
especially if Al is integrated into critical infrastructure or the delivery of essential public services. Fourth,
the adverse environmental consequences of AI’s development and deployment may slow down the pace of
Al-related investments.

2. Leveraging Al for Development: Conceptual Framework

Al enhances capabilities across a range of cognitive tasks. As a result, the productive use of Al by firms,
workers, and governments can, on average, improve welfare (refer to figure 7). However, unequal returns
to Al can raise the welfare only of a certain group of individuals, such as owners of capital rather than
people as workers and consumers. Further, the potential misuse of Al that results in social harm can lower
societal welfare. These opportunities and risks are present along the economic (growth and jobs), social
(government services), and sociopolitical (political) pillars of the development process.

In principle, the productive use of AI can improve the capabilities of firms, workers, and governments,
which are typically lower in low- and middle-income countries than in high-income countries (this appears
as an upward shift of the welfare possibilities frontier from the black curve to the dotted black curve in
figure 7). These enhancements of capabilities create opportunities for economic, social, and political
development. In the economic pillar, Al advice can, for example, raise the productivity of farmers and small
businesses with few skills and limited expertise, while Al coding assistants can enable non-specialists to
engage in software development. In the social pillar, Al can optimize government responses to food crises
and guide the allocation of scarce resources. In the sociopolitical pillar, AI can democratize access to
personalized advice that can raise people’s welfare as consumers and citizens. In such ways, Al can help
address long-standing market failures, fill in skill gaps, and bridge information gaps at lower costs than
before. The resulting gains in capabilities can raise the welfare of both businesses, workers, and consumers
or governments and citizens in low- and middle-income countries. At the macro level, stronger capabilities
among firms, people, and governments can help countries leapfrog development challenges by boosting
economic growth, creating jobs, improving the delivery of public goods and services, and bringing about
wider societal transformation.

In practice, the productive use of Al in low- and middle-income countries can be facilitated by infrastructure
requirements and market structures that govern the diffusion of Al. For starters, barriers to adopting off-
the-shelf Al solutions are low; these solutions can be accessed through smartphones connected to the
internet and with basic digital literacy. Further, there is a business opportunity to add value to goods,
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services, and processes in low- and middle-income countries by developing Al applications: entrepreneurs
can adapt open-source foundation Al models to customize Al solutions for the local context.

Figure 7 Leveraging Al for development
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However, there may be unequal returns to Al that result in a concentration of benefits. In the economic
pillar, AI might only benefit owners of capital if it makes firms more profitable but lower the welfare of
workers, either because it results in job losses or lowers real wages. In principle, the diffusion of Al
solutions that automate tasks in certain industries, such as call centers and business process outsourcing, in
high-income countries could, in principle, lower the welfare of both businesses and workers in low- and
middle-income countries if, for example, it reduces exports that derive on cheap labor as a source of
advantage in global markets. In the social pillar, Al tools might disproportionately benefit government
schools and health facilities with better infrastructure, skilled staff, and reliable connectivity. In the political
pillar, the control of a few countries and corporations over high-value hardware inputs (including
semiconductors), data centers, frontier Al models, as well as Al products and services can concentrate value
among a few and create dependencies.

Government policies can play a crucial role in enabling countries to leverage the productive use of Al to
raise welfare and ensure that as many people as possible have the necessary tools to benefit. The first set of
policies focus on empowering businesses and entrepreneurs. First, the adoption of Al solutions depends on
electricity and internet infrastructure but will need to be accompanied by organizational restructuring within
firms to realize the full potential of Al in raising productivity. Second, enabling local Al innovation
ecosystems, including through establishing access to key inputs such as compute infrastructure and data,
can level the playing field for entrepreneurs to adapt Al solutions and increase the profits associated with
Al use in low- and middle-income countries. Third, government procurement of Al solutions can also be a
relevant instrument of industrial policy to jumpstart the development of local Al applications.
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The second set of policies focus on skills upgrading. First, the large-scale adoption of Al solutions by
workers will require the expansion of foundational literacy, numeracy, digital, and soft skills—whether
acquired through formal schooling, in communities, or learning on the job. Second, the adaptation of Al
solutions to local contexts will require investments in science, technology, engineering, and mathematics
(STEM) education and Al-specific competencies (such as data science, ethics), as well as industry-
academic partnerships to develop sector-specific Al skills. The immigration of high-skilled workers and
engagement with their diaspora could also be a relevant tool. Third, governments may consider combining
social safety nets with active labor market policies (ALMPs) such as reskilling, training programs and job
search assistance, to support workers who are displaced by Al

Implementing both sets of policies to raise the welfare of businesses and workers is necessary but it is not
sufficient for Al to be able to raise the welfare of society. This is due to possible societal harms of Al use.
In the economic pillar, a breakdown in trust over using digital payments, could lower welfare possibilities
for both firms and workers in low- and middle-income countries (even relative to the pre-Al scenario) (¢his
appears as a downward shift of the welfare possibilities frontier from the larger dotted black curve to the
smaller dotted black curve in figure 7). In the social pillar, there is a risk of perpetuating biases that are
encoded in past data when applied to sensitive citizen-oriented services, such as education, health, and
judicial services. In the sociopolitical pillar, the substantial depletion of energy resources from the operation
of data centers can raise environmental costs. Therefore, policies that establish societal trust around Al
ethics will also be required to ensure that Al improves societal welfare. First, governments can adopt good
practices from around the world and experiment with different regulatory approaches. Second, governments
can prepare for the uncertain impacts of Al by investing in the evaluation of Al solutions, engaging multiple
stakeholders, raising capabilities of bureaucrats, and fostering global cooperation to build trust in Al
systems that operate across borders.

Each of these sets of government policies will differentiate between fostering Al adoption, adaptation, and
advancement. In the first set of policies that focus on empowering businesses and entrepreneurs, for
example, investments in electricity, internet, and telecommunication infrastructure can spur Al adoption
while investments in data centers and open data can enable local Al adaptation. Similarly, in the second set
of policies that focus on skills upgrading, broad-based skills development will spur Al adoption, while
investments in Al-related technical skills will support local Al adaptation. In the third set of policies that
focus on trust in Al, baseline testing of Al solutions to ensure compliance with local sectoral regulations
can spur Al adoption, while frameworks for AI model testing and evaluation can support local Al
applications.

The emphasis on Al adoption, adaptation, and advancement varies across the economic, social, and political
pillars of the development process (refer to table 1). For the economic pillar, Al adaptation matters for
entrepreneurs and startups that drive the development of local Al applications. However, the adoption of
off-the-shelf Al solutions by large numbers of small businesses will matter most to bring widespread
productivity gains. For the social pillar, Al adoption and Al adaptation go together to improve the delivery
of government services because Al solutions are applied to sensitive government functions and for use cases
where local context is crucial. For the political pillar, Al advancement also becomes relevant to address
concerns around over-dependence and sovereignty.
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Table 1 Al adoption, adaptation, and advancement
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3. Empirical Contributions

Data on the use and adoption of Al technologies in developing economies remains scarce. To address these
critical gaps, the empirical contributions of this Report will be based on new sources of data that track the
use of Al—a considerable value added to the thin evidence base in this field. There are several initiatives
underway in this regard.

First, to better understand the use of Al within governments, the WDR 2026 team is undertaking a survey
across 20 countries, spanning all World Bank regions.'” The survey includes questions on the use of Al
within government, the types of Al adopted or applied to core government data systems, the enablers of Al
(from strategies to data-readiness) and potential barriers, the modalities of implementation, and the
perceptions and expectations about the productivity potential of the technology. The survey will follow the
World Bank’s Data for Better Governance methodology and will be implemented by a consortium of World
Bank staff, University College London, and local public administration associations. The team will also
leverage ongoing country-level surveys being conducted by World Bank staff on governance (such as in
Brazil and Malaysia, and possibly other countries) and health facilities (in several countries in Africa) to
better understand how public servants use Al in their daily work. In addition, the team will compile a global
database of Al use cases in the public sector by merging existing datasets with newly collected information.

Second, to better understand the adoption of Al technologies within firms, the team is undertaking a follow-
up survey to the World Bank Enterprise Survey (WBES) in eight countries, also spanning all World Bank
regions. '® This survey includes questions on the use of Al within businesses, the types of Al adopted, the
tasks performed by Al technologies, the modalities of implementation, and the implications of Al on jobs,
as well as on the expectations of the productivity potential of the technology.'® Following the WBES
methodology, the survey covers formal establishments with five or more employees in the manufacturing
sector and selected services sectors and is based on representative samples obtained from statistical
agencies, business registers, and other business listings (depending on data availability). Stratification will
be applied based on firm size as well as sector, separating sectors with high degrees of Al intensity, such
as knowledge-intensive services and high-tech manufacturing, from other sectors.

Third, to measure the creation of new jobs related to Al, the team will analyze online job openings in more
than 80 countries. These data will be used to identify jobs requiring Al-related skills, estimate the wage
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premium associated with Al skills across occupations, and measure the relationship between Al exposure
and labor demand. Finally, the team will match these job postings data at the firm level to data on Al and
digital technology investments to evaluate the drivers of Al adoption and job creation at the firm level. The
team will also expand the work on exposure to Al based on task and occupational level data, drawing on
detailed microdata from 135 countries, covering 69 percent of the global population, providing detailed
demographics of potentially affected groups. In estimating Al exposure using a sample of 46 countries, this
work will also use the PIAAC (Programme for the International Assessment of Adult Competencies) and
STEP (Skills Toward Employment and Productivity) skills surveys to account for systematic differences in
task content within the same occupation across countries.

Fourth, to better understand the impacts of Al on human capital accumulation, the team is carrying out
systematic research syntheses of the evidence in the literature that is nascent yet rapidly expanding.

Fifth, in partnership with the Development Data Partnership, the team is currently exploring the
development of a Global Generative Al Adoption Index—a standardized, country-level indicator that will
measure the adoption of generative Al by consumers, developers, and potentially enterprises.

Lastly, to better understand existing policy initiatives around Al, the team will analyze existing repositories
of national Al strategies to document their distribution around the world, as well as the focus of their
content. For a selection of low- and middle-income countries, the team will carry out an in-depth, qualitative
analysis of these national Al strategies along different themes. These themes include objectives for Al
adoption in the public sector, ethical concerns and responsible Al development/adoption, regulatory
orientation, international cooperation approaches, public investment and funding mechanisms, business
environment strategies, and skills development measures.

Part II: Assessing AI’s Implications for Development

Al can affect people’s welfare through its impact on economic growth and jobs (markets), the delivery of
government services (state), and broader sociopolitical change (society). These impacts fundamentally draw
on the role of Al in enhancing capabilities of people and on the market dynamics of Al as a product. This
section of the Report will assess the evidence around the impacts of Al on markets, state, and society to
bring about economic, institutional, and societal transformation.

First, the productive use of Al can enhance the capabilities of firms and workers to raise labor productivity
and income-earning opportunities. This potential is especially salient in low- and middle-income countries,
where capabilities are relatively low, and Al can enable large numbers of lower-skilled people to complete
higher-skilled tasks. However, if constraints to the use of Al are higher in lower-income settings with
weaker infrastructure, many small (often informal) firms, and large numbers of workers without basic
literacy and digital skills, the potential of Al to boost growth and job creation may remain unrealized.
Further, if Al use displaces workers from certain jobs or increases the returns to capital relative to wages
and the returns to skills, this can result in a concentration of benefits.

Second, the productive use of Al can similarly enhance the capabilities of government officials to provide
public goods and services. This potential is again especially salient in developing countries, where
institutional capacity is relatively low. For example, Al can improve the efficiency of government services
by guiding the allocation of scare resources, improving transparency, and supporting citizen engagement.
However, the benefits of Al use will be limited without accompanying organizational redesign that is
particularly challenging in public administration. Similarly, Al tools will disproportionately benefit
government schools and health facilities with more dependable infrastructure, skilled staff, and reliable
internet connectivity.
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Third, Al can impact the broader process of sociopolitical transformation. For one, Al can accelerate the
production of ideas where each new discovery requires more researchers and resources. For another, Al can
democratize access to customized information. Al tools can also intrinsically raise consumer welfare and
reshape the nature of social interactions. On the flipside, AI’s diffusion poses many risks to society. For
instance, Al can erode the accumulation of fundamental cognitive learning and reinforce social biases in
decision-making. Al can also significantly raise environmental costs, obfuscate political processes by
enabling surveillance and the spread of propaganda, as well as amplify geopolitical contestation with its
“winner-takes-most” market dynamic. The possibility of Al-related social harm is higher in developing
countries where institutions and state capacity are weaker.

1. Economic Growth and Jobs

Improving the productivity of businesses and enlarging the pool of well-paying jobs is the immediate
priority to raising living standards in low- and middle-income countries. Like with previous technologies,
Al will displace workers in certain tasks, expand jobs in other tasks, and create new tasks, with displacement
less likely in low- and middle-income countries given the current sectoral composition of jobs. At the same
time, Al could increase the capabilities of large numbers of low-skilled workers employed in many small,
unproductive firms. Al also has considerable potential to spur innovation and entrepreneurship. On the
flipside, there is a risk that Al could reduce growth opportunities in specific industries, such as knowledge-
intensive services, or that it could have limited effects on aggregate productivity due to weak management
practices and insufficient organizational restructuring within firms. There is also the possibility that Al
might benefit capital owners more than workers, and skilled workers more than unskilled workers.

Opportunities for productive use

Al will displace workers in certain tasks, expand jobs in other tasks, and create new tasks

In previous waves of technological change, the negative displacement effect of automation has typically
been offset by productivity gains that increase the demand for labor in complementary and new tasks
(Acemoglu and Restrepo 2019).%° There is some evidence of worker displacement with Al. For example,
Al-related hiring in India has been linked to declines in job postings and wage offers for non-Al job postings
within firms; these effects are most pronounced in managerial and professional occupations (Copestake et
al. 2024). Similarly, evidence shows that Al may automate entry-level tasks (Brynjolfsson et al. 2025). At
the same time, new tasks and occupations, including data scientists, machine learning specialists, and
“prompt engineers” have emerged during the past three years (World Bank 2025a). These high-paying Al-
related jobs remain scarce and concentrated in a small number of firms, cities, and countries. A larger
number of low-paying Al-related gig jobs, such as data labelers, are mainly found in developing countries.
Lastly, the share of tasks likely to be augmented by Al is higher in sectors, such as retail services and
transportation services, that are large employers in developing countries. This suggests that Al-related
productivity gains that increase the demand for labor in complementary tasks are likely to offset the negative
displacement effect of automation in certain tasks.
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Al can improve firm capabilities and worker productivity

In developing countries, many people are employed in small (and often informal) businesses that are unable
to upgrade their capabilities and grow. Generative Al advisory tools can potentially be diffused widely and
deliver benefits to small businesses with few skills and limited expertise but with access to smartphones
and broadband internet connectivity. In the agriculture sector, for example, the Virtual Agronomist
generative Al chatbot, implemented through WhatsApp, has increased profits and yields across seven
African countries (World Bank 2025b). Retail services and transportation services are other large employers
of low-skilled workers in developing countries and are highly exposed to AI. Much of this Al exposure
carries the promise of augmentation (refer to figure 8). Generative Al tools have also improved productivity
of larger businesses among knowledge-intensive services. In the Philippines, for example, access to an Al-
based conversational assistant increased the productivity of customer service agents, as measured by issues
resolved per hour, by 15 percent (Brynjolfsson et al. 2025).

Figure 8 Exposure to Al varies considerably by sector in developing countries
a. GenAl exposure by sector, upper-middle-income b. GenAl exposure by sector, low-income and
countries lower-middle-income countries
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The need for relatively low investment by firms to access Al advisory tools is similar to other technologies
that were able to spread quickly (such as mobile money) but is very different from previous technologies,
such as computerization and robots, where diffusion was slower. Firms mostly adopt off-the-shelf Al
solutions, with some adaptation through customization (refer to figure 9).
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Figure 9 The diffusion of Al is led by ready-to-use Al solutions
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Note: Data are for various European countries as of 2024. Middle-income countries (MICs) include Bosnia and
Herzegovina, Montenegro, Serbia, and Tiirkiye, as well as Bulgaria (which graduated to high-income status in 2025).
High-income countries (HICs) include all European Union member states, Liechtenstein, and Norway. Al = artificial
intelligence.

Al can lower the barriers to entry for workers to complete cognitive tasks

The expectation is that generative Al could automate certain highly skilled, decision-making tasks such as
medical care, legal services, and software coding, potentially reinstating middle-skilled jobs that were
previously diminished by ICT usage in advanced economies (Autor 2024). There is some evidence that
suggests that Al may shift demand toward less-experienced workers by transferring tacit knowledge from
experts, enhancing productivity, and narrowing performance gaps (Dell’ Acqua et al. 2023; Noy and Zhang
2023).

For example, access to a GenAl-based conversational assistant was associated with an average productivity
increase of 14 percent among customer support agents based around the world but mainly in the Philippines,
with novice and lower-skilled employees experiencing gains as high as 34 percent (Brynjolfsson et al.
2025). Similarly, randomized controlled trials at large tech companies show that, on average, developers
with access to an Al-based coding assistant increased their productivity by 26 percent, with the less
experienced developers experiencing larger productivity gains (Cui et al. 2024). In an online experiment,
college-educated professionals provided access to ChatGPT completed their writing tasks faster and
produced higher-quality work than those without access (Noy and Zhang 2023). Advances like these could
benefit workers in developing countries. At the same time, there is some evidence that Al could amplify the
output of the top performers (Otis et al. 2024).

Al can spur innovation and entrepreneurship
Generative Al tools can support entrepreneurship by alleviating barriers to information, while predictive Al
can improve access to credit. For example, evidence from India shows that the use of ML algorithms to

develop an alternate credit scoring based on individuals’ digital presence resulted in lenders providing credit
to more people (Agarwal et al. 2019; Bjorkegren and Grissen 2020). Al use can also spur innovation.
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Among other opportunities, the possibility of low-cost (no code/low code) software development enabled
by Al assistants creates ways for start-ups and entrepreneurs to develop Al applications that are suited to
local contexts.

Al can also benefit traditional sectors, including manufacturing and agriculture, by spurring innovation. For
example, the ability of ML algorithms to process large amounts of data to predict the efficacy and toxicity
of drug compounds with a high degree of accuracy has improved the efficiency of processes to discover
new drugs and medicines (Blanco-Gonzalez et al. 2023). The same is true for the process to discover new
crops in agriculture. ML algorithms enable the analysis of large amounts of data collected from satellites,
drones, and ground-based cameras to accurately identify desirable traits such as plant height, leaf area, and
disease symptoms for crop breeding programs.

Risks

Al may reduce the jobs dividend of certain sectors

ICT, professional services, and business services are among the sectors that are most suitable for machine
learning (Nayyar et al. 2021). These knowledge-intensive services are also among the sectors most exposed
to automation by generative Al. Predictive and generative Al, by performing a range of cognitive tasks,
might dampen the prospects of developing countries exporting back-office ICT and professional services
because they reduce the importance of labor costs in determining competitiveness. This may reduce well-
paying jobs in these knowledge-intensive services, which has previously enabled a path of structural
transformation. !

At the same time, Al can lower communication costs, enable movement up the knowledge-intensive
services value chain (for example, from outsourcing business processes to outsourcing knowledge
processes), and facilitate greater offshoring to countries where English is not the native language through
machine translation. There is also a possibility that key knowledge-intensive parts of the Al value chain can
be produced offshore in countries with abundant and lower-cost STEM workers, like India, raising demand
for labor in these countries. Indeed, India is one of the countries with the highest share of new jobs
demanding Al skills—a phenomenon that could be consistent with this hypothesis.

The evidence so far is mixed. Stapleton and O’Kane (2021) find that ML deployment has led to an increase
in offshoring of services from the United Kingdom to lower-income countries, with the largest increase in
ICT, business services, and professional services. This evidence is consistent with the fact that the
productivity effect of Al that reduces trade costs has exceeded the labor substitution effect. Similarly, Bastos
and Nayyar (2025) find no evidence of a negative effect of adoption of generative Al in the United States
on services imports from developing countries. However, some emerging evidence shows that the use of
generative Al tools has reduced services offshoring through online labor market platforms (Betai and Chen
2024; Hui et al. 2024).
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Al might benefit owners of capital more than workers

Al can reduce the share of national income allocated to labor if it displaces workers from jobs. Even if
workers do not lose their jobs, the productivity gains may not be shared equally by owners of capital and
workers, either because wages do not rise as much as profits or because cost reductions are not passed on
to workers. Further, Al can be used by large businesses to charge consumers the maximum they might be
willing to pay for a service, such as through predictive Al that analyzes people’s behavior on ridesharing
apps. Al might also be used by large businesses to better target advertising to consumers, which does not
necessarily increase productivity and lower costs.

In the past, the share of labor income was relatively stable even during an era of widespread automation
(Drozd and Tavares 2024). Early evidence from the European Union shows that for every doubling of
regional Al innovation, the labor share of income declines by 0.6 percent to 1.6 percent, potentially reducing
it by 0.20 to 0.53 percentage points from an average of 52 percent. And Al has a particularly negative
association with the labor income share of high- and medium-skilled workers, primarily through wage
declines (Minniti et al. 2025). As Al becomes more widely adopted, it may augment workers and create
new jobs, potentially reversing its initial impact on labor income shares at the aggregate level.

Al might benefit skilled workers more

Earlier forms of automation, such as with computerization and industrial robots, have been associated with
skill-biased technological change. For example, a sizable body of evidence from high-income countries
shows that computerization was associated with falling numbers of medium-skilled, middle-wage jobs and
increasing numbers of high-skilled and low-skilled jobs (Autor and Dorn 2013; Autor et al. 2006; Goos et
al. 2014). Cross-country evidence suggests that exposure to Al is higher in sectors, such as ICT, finance,
and professional services, that employ a large share of skilled workers with higher average incomes (Liu
2024). This suggests that generative Al is currently less likely to negatively affect less-skilled workers. One
study estimates that US workers’ exposure to Al will reduce wage inequality—defined as the ratio of the
90th to the 10th percentile of wages—by 4 percent (Webb 2020).

However, other early evidence of generative Al suggests that skilled workers might benefit more from Al
use. In the United States, high-wage occupations experienced employment and wage growth following the
introduction of Al, while low-wage occupations experienced wage losses (Felten et al. 2021). Similarly,
there is evidence of the negative effects of Al exposure on employment, especially for low-skilled workers
in the services sector (Bonfiglioli et al. 2025). Across 16 European countries, there is a positive relationship
between the use of generative Al and employment, particularly for highly skilled workers (Albanesi et al.
2023). Across countries, evidence shows that jobs demanding Al skills offer a wage premium of as much
as 25 percent (World Bank 2025a).

The lack of complementary factors is likely to blunt AI’s impact on productivity

The adoption of Al has led to large productivity gains when targeted to specific tasks like customer service
interaction or language translation. However, evidence of impacts at the level of the firm or the economy is
more limited so far.

The benefits of Al adoption may be gradual for many reasons. First, weak market competition inhibits the
reallocation of resources from less to more productive firms, which, in turn, lowers technology adoption.
Similarly, weak entrepreneurship ecosystems might constrain innovation and entrepreneurship with respect
to the development of Al solutions.
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Second, even with the lower costs of adopting Al advisory tools, the lack of information or the lack of
digitalization might constrain small businesses from realizing the benefits of Al solutions. For example, an
Al assistant via WhatsApp benefited only high-performing small-scale businesses in Kenya by more than
15 percent, based on how entrepreneurs selected and implemented the Al advice they received (Otis et al.
2024). Similarly, smaller firms might benefit less from AI solutions either because they do not use
complementary digital technologies across a range of business functions or because they lack multiple
devices that power Al use.

Third, productivity gains will only be realized with sufficient organizational restructuring and stronger firm
capabilities that enable the more widespread diffusion of Al. Putting these enablers in place takes time. This
situation is similar to that of previous GPTs (Agrawal et al. 2023). Many firms in developing countries are
characterized by less structured managerial practices (Bloom et al. 2012), persistently small size (Bento
and Restuccia 2017), and informality—which typically inhibits the degree of technological adoption.

2. Government Services

Improving the delivery of public goods and services is central to the welfare of people. Yet governments in
developing countries face persistent challenges in completing core government functions such as taxation
and regulation, and service delivery such as health, education, social protection, and transportation, given
tighter fiscal space, critical staffing gaps, and lower administrative capacity compared to high-income
countries. Al holds considerable potential to address these persistent bottlenecks in government service
delivery. Take the example of education and health services that have been plagued by critical shortages of
trained teachers and health care providers, especially in rural and remote regions.”> The public
administration sector has a larger set of tasks exposed to both automation and augmentation by (generative)
Al than other sectors of the economy (refer to figure 10). This is indicative of Al’s potential to increase
productivity in the delivery of government services by raising the capacity of public officials and frontline
workers. In doing so, Al can detect patterns to guide the allocation of scarce resources, enable greater
transparency and accountability, and expand engagement with citizens through customized digital solutions.
However, Al’s potential to improve the delivery of government services may remain unrealized without the
necessary skills, infrastructure, and organizational restructuring. The use of Al might also exacerbate biases
in government decision making as well as raise dependency and accountability risks.
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Figure 10 Public administration has greater exposure to Al than other sectors
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Opportunities for productive use

Al can detect patterns and generate forecasts to guide the allocation of scarce resources

Predictive Al is well suited to solving allocation and coordination problems that governments routinely
face, such as efficiently dispensing social benefits, prioritizing inspections, or managing workloads under
resource constraints. For example, during the COVID-19 pandemic, machine learning algorithms were
combined with satellite imagery and cell phone metadata to improve the targeting of beneficiaries (Lawson
et al. 2023). Similarly, machine learning can improve demand forecasting and optimize investment
decisions in transport and energy systems. Computer vision algorithms use property images to improve
property tax valuations in Pakistan (Asad et al. 2019). Similarly, machine learning models incorporate real-
time news streams to forecast food crises up to a year in advance (Balashankar et al. 2023).%

Al can improve transparency and accountability

Al tools can alleviate institutional barriers in the delivery of public services, by automating oversight,
increasing transparency and accessibility, and flagging anomalies in government procurement. For
example, machine learning algorithms can detect irregular patterns in procurement transactions, verify
supplier credentials based on historical performance, and track whether goods or services procured (such
as school construction and road works) are delivered as specified. Brazil's procurement monitoring system,
Alice, demonstrates this approach by collecting daily information about federal procurement processes,
evaluating risks, and raising red flags for auditors and managers to investigate (OECD 2024).

Al can customize digital solutions for service delivery at a lower cost

Al can personalize earlier digital innovations for service delivery, which have demonstrated significant
potential to improve, for example, education and health outcomes.?* Al-powered tutoring, with targeted
instruction and personalization, has proven effective in improving mathematics’ scores in Ghana (Henkel
et al. 2024) and English language outcomes for secondary school students in Nigeria (De Simone et al.
2025). In Kenya, Jacaranda Health PROMPTS, an Al-enabled SMS (text message) service that has reached
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2.74 million mothers across more than 1,200 health centers, provides personalized pregnancy advice, and
triages high-risk cases. Further, Al is improving early detection and intervention in low-resource settings,
for instance by assisting community health workers where access to specialized labs is limited (Adapa et
al. 2025; Khan et al. 2022). Al solutions can not only personalize service delivery, but also reduce barriers
related to digital access. For example, evidence from Sierra Leone shows that generative Al chatbots offer
a cost-effective alternative for teacher support—S87 percent cheaper than a web search (because they can be
operated on basic mobile devices and low-bandwidth networks—or even no-data networks)—and are
perceived by teachers as providing more relevant, helpful, and accurate responses than web search results
(Bjorkegren et al. 2025).

Al use by governments can have economy-wide gains

Al solutions that bring greater efficiency in the delivery of government services, such as streamlined tax
administration, improved infrastructure planning, and responsive social services, will yield economy-wide
productivity gains because they enable work in the private sector. For instance, predictive Al using real-
time sensor data may anticipate infrastructure failures in grids, water systems, and transport networks,
reducing maintenance costs and increasing the quality of public infrastructure. Further, government
procurement of Al solutions can spur Al adaptation whereby local entrepreneurs adapt global Al models to
the local context. Procurement choices also influence technology standards, guide private investment, and
set norms that extend well beyond government. If governments lag or apply Al poorly, these actions become
bottlenecks, undermining trust, slowing diffusion, and dampening private Al investment.

Risks
The lack of complementary factors can blunt AI’s impact on improving government services

The adoption of Al solutions may not be sufficient to bring widespread gains in the delivery of government
services without the necessary infrastructure and skills. For example, it is possible that Al tools will
disproportionately benefit better-resourced schools and health facilities—that is, those with dependable
infrastructure, skilled staff, and reliable connectivity (Cross et al. 2024). Similarly, it is likely that countries
with robust digital public infrastructure (DPI), such as digital IDs, verifiable digital credentials, and digital
payment wallets, will be better able to enable trusted transactions and scale up the use of Al in the delivery
of government services.

The role of accompanying organizational reforms is just as important. This is illustrated by experimental
evidence from the National Bank of Slovakia, where generative Al tools improved individual workers’
performance, but organization-wide productivity gains remained constrained because of the way workers
were assigned to tasks (Marsal and Perkowski 2025). Such organizational redesign is particularly
challenging in the public sector, where factors like employee tenure and institutional inertia often increase
resistance to change (Finan et al. 2017; Kleiner et al. 2016). Legal frameworks are also often unprepared
for the inclusion of Al in decision-making. Furthermore, organizational culture that often includes risk-
aversion and hierarchical decision-making structures may dampen the adoption of Al in the public sector.
These structural and cultural barriers mean Al tools are frequently integrated into existing, inefficient
processes rather than leveraging its potential through institutional restructuring.
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Al adoption might exacerbate biases, dependency, and accountability risks

Human bias embedded in different sources of data or poor data quality can increase the risk of perpetuating
biases with algorithms which draw from these data. This is particularly problematic for predictive Al that
is used in sensitive citizen-oriented services, such as education, health, and judicial services. For example,
medical imaging Al has been shown to exhibit “hidden stratification,” performing well overall but missing
critical subgroups—such as aggressive disease types—by more than 20 percent (Oakden-Rayner et al.
2019). There is also the risk of algorithmic bias based on using Al models trained on data from abroad with
a different linguistic and cultural context. For example, an evaluation of the feasibility of deploying Al
models developed in the United Kingdom within hospitals in Viet Nam found that model performance was
low (Yang et al. 2024). Similarly, the integration of an LLM for clinical decision support in Nigeria tended
to over-recommend laboratory testing, which is more in line with medical practice in high-income countries
(McPeak et al. 2024).

Further, governments may lack domain-specific expertise or the training data to fine-tune and contextualize
Al'models. As a result, governments might become dependent on proprietary software controlled by a small
set of firms, creating lock-in, and limiting bargaining power in sensitive government functions. In contexts
with weak state capacity, Al use may also lead to overreliance, which could further erode institutional
learning and accountability, shifting discretion away from public officials toward opaque algorithms or
private vendors.

3. Sociopolitical Change

Al has broader implications for society beyond its impact on economic growth, jobs, and the delivery of
government services. Al is rapidly expanding humanity’s capacity to generate new ideas. Al is
democratizing access to personalized information. Al is also reshaping social interactions and redefining
the way that people use their time beyond the workplace. At the same time, Al might impose significant
costs on society through, for instance, obfuscating information flows, eroding cognitive abilities, and
damaging the environment. This raises questions of trust around Al systems and use, especially in low- and
middle-income countries where institutional capabilities are typically weaker. Further, Al is a source of
power for those who can control or exploit it. Companies and countries with access to critical and rare
minerals, data, computing resources, LLMs, and engineering talent, can wield extensive influence, with
wide-ranging implications for geopolitics.

Opportunities for productive use

Al can accelerate the creation of new ideas

Economic growth arises from people creating ideas. However, there is evidence that the production of ideas
has been slowing down because each new discovery requires more researchers and resources (Bloom et al.
2020). Al has the potential to ease this constraint. For example, recent Al advances have enabled the
successful prediction of protein folding structures, which was a 50-year-old challenge in the field of
molecular biology (Wang et al. 2023). Although frontier scientific research often takes place in high-income
countries, there is the possibility of knowledge spillovers to low- and middle-income countries when new
ideas in areas such as agriculture, medicine, and climate science, can be adapted to the local context.
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Al is expanding consumer benefits and reshaping social interaction

Al products and Al-enabled goods and services are expanding consumer benefits by democratizing access
to information and content that is tailored to individual preferences and needs. For instance, entertainment
platforms are increasingly employing Al-driven recommendation systems to curate playlists and viewing
suggestions that reflect user habits, thereby increasing consumers’ satisfaction. Al chatbots are also
reshaping social interaction. For example, in June 2025, among 700 million weekly active (non-enterprise)
users of ChatGPT, approximately 70 percent used ChatGPT for non-work purposes, up from an equal split
between work- and non-work usage in June 2024. Notably, “practical guidance” accounted for the biggest
category of ChatGPT conversations, at roughly 29 percent of overall usage (Chatterji et al. 2025).

Risks
Al can make it easier to deepen repression, spread propaganda and enable polarization

While surveillance technologies, such as closed-circuit television (CCTV) cameras and biometric systems,
have existed for decades, Al-enhanced surveillance (such as facial recognition systems, predictive policing,
social media monitoring) offers unprecedented scale, precision, and anonymity for governments to deepen
political repression and social control (Acemoglu 2024; Tirole 2021). Evidence suggests that local unrest
increases government procurement of facial recognition Al and that governments are more likely to import
surveillance Al technologies during periods of domestic political unrest (Beraja et al. 2023). Further, while
disinformation techniques have long existed, advances in generative Al now make it easier to create
propaganda (such as deepfakes, automated content generation), and target and spread it (such as through
social media bots), potentially resulting in societal polarization (Acemoglu 2024; Harari 2024). A recent
Freedom House report documents that generative Al was used in “at least 16 countries to sow doubt, smear
opponents, or influence public debate” (Funk et al. 2023).

Al can reinforce social biases or lead to discriminatory outcomes

The proliferation of Al solutions may perpetuate existing biases or result in discrimination, especially in
low- and middle-income countries given the lack of institutional capacity, lack of technical skills, and the
dearth of high-quality data. For example, predictive Al tools can systematically exclude job applicants who
do not align with biased historical hiring data and perpetuate biases through feedback loops (Chen 2023).
Firms may also use Al to monitor workers’ performance to improve productivity, which could come at the
expense of workers’ well-being if used excessively, especially in the informal sector with weak labor
protection (Beraja and Yuchtman 2025). Further, the advancement of generative Al systems comprises tasks
such as data labeling and content moderation that are essential for aligning algorithms with safety goals
(Roberts 2019). Much of this work is outsourced to developing economies and exposes workers who
already face poor working conditions to additional occupational hazards (Greenbaum and Gerstein 2025).
Evidence suggests that some of these workers have experienced mental health effects from extreme
exposure to explicit and graphic content, with limited access to appropriate health services (Perrigo 2023).
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Al could erode the accumulation of human capital over time

Over time, Al could reshape how people learn and build skills, creating risks to the development of human
capital. As Al becomes more capable in writing, translation, and problem-solving, students and workers
may be tempted to rely on it instead of developing their own abilities. This may weaken investment in
literacy, communication, cognitive tasks, and critical thinking—skills that are hard to automate and central
to leadership, collaboration, and innovation (Acemoglu and Autor 2011; Brynjolfsson and McAfee 2014).
Education systems may also find it harder to assess genuine learning if Al is doing much of the work behind
assignments and exams, which could reduce the value of formal education to signal quality in the labor
market and lower incentives to complete formal education (Goldin and Katz 2008).

Al might have adverse consequences for the environment

The development and deployment of Al, especially generative Al, might have adverse consequences for the
environment and the use of natural resources. For one, the growing demand for rare minerals needed to
produce Al infrastructure and increasing volumes of Al-related electronic waste generated in the process
may harm the environment and the health of local communities. The bulk of rare earth minerals such as
cobalt, copper, gold, and lithium are sourced from developing countries and most electronic waste ends up
in developing countries (Wang et al. 2024). Further, data centers used in the development and deployment
of generative Al consume large amounts of electricity (O’Donnell and Crownhart 2025) which is already
scarce in many countries. Consumption of these vital resources of power and water could also have negative
spillover effects by reducing citizens’ and firms’ access to these necessities that enable livelihoods. Recent
developments in technology and infrastructure are contributing to a reduction in the environmental footprint
associated with Al. For example, many data centers are adopting renewable energy sources, with some even
constructing dedicated solar farms to supply clean power directly.

Al can intensify geopolitical contestation

The transformative potential of Al has led countries and corporations to increasingly compete over control
of its inputs (e.g., rare minerals, data, computing) and outputs (e.g., patents, information). While low- and
middle-income countries provide the critical and rare minerals that power Al, much of the value accrues to
large companies in high-income countries that use these raw materials to produce high-value hardware
(including semiconductors) and, in turn, frontier AI models, products, and services. Aligning with these
geopolitics offers low- and middle-income countries access to Al infrastructure, knowledge, trade, and
investment, but it also carries the risk of technological over-dependence.? One alternative—developing all
the building blocks (large data sets, computing power, and top talent) required for frontier Al innovation
domestically—is much too resource-intensive. The alternative of developing local Al applications might
also not be a level-playing field; frontier Al companies may have an advantage in deploying Al applications
due to scale economies or ownership of either related assets like proprietary data or distribution channels
like mobile phones.*® How low- and middle-income countries navigate these challenges will influence the
extent to which they benefit from Al
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Part I11: Identifying Policy Priorities to Leverage Al for
Development

Al is reshaping how firms compete, how people work and how governments deliver services. But realizing
its promise for development will depend less on the technology itself and more on whether governments in
low- and middle-income countries can coordinate the right mix of policies to address a range of barriers
and bottlenecks.

First, the diffusion of Al solutions will not automatically translate into productivity gains in the production
process where foundational digital and analog capacities remain uneven. Governments will need to
empower entrepreneurs and businesses that can implement solutions on a large scale to enhance the
productive use of AI. Government actions may include investing in foundational infrastructure, such as
electricity and internet connectivity, and enabling local innovation so firms and entrepreneurs can customize
Al solutions that better align with the needs and realities of domestic industries in developing countries.
This government role also calls for considering Al through an industrial policy lens: supporting firms to
develop and deploy Al applications that serve local markets while enabling access to data and computing
resources across borders where needed.

Second, the diffusion of Al across a variety of tasks will not necessarily result in better-paying jobs or mass
unemployment in low- and middle-income countries. For most workers, the question is whether they have
the skills and enabling environment to use Al productively and safely. Governments will need to prioritize
educating workers to address the potential unequal returns to AI and ensure that as many people as possible
benefit from the technology.

Third, the social, environmental, and political harm enabled by Al will undermine trust in Al and inhibit its
diffusion to bring about welfare gains. Government policies will need to ensure trust in society around the
deployment of Al to guard against the potential misuse of AI. This includes adopting good practices from
around the world while incorporating safeguards to comply with local norms and regulations. This also
requires stronger institutional capabilities that can help evaluate Al solutions and help countries adjust to
changes in the underlying technology, market structures, and geopolitics that govern the deployment of Al

In addressing barriers and bottlenecks to the productive use of AI, while addressing the risks of unequal
returns and misuse of AI, countries need to assess the value of adopting off-the-shelf Al solutions on the
one hand, and adapting or advancing Al solutions on the other hand. Their relative importance will vary by
the economic, social, and political pillars of development. For the economic pillar around growth and jobs,
the adaptation of Al solutions brings value to local entrepreneurs and startups and matters more than Al
advancement (the development of frontier Al models) which depends on very large investments in
computing infrastructure, training data, and talent. However, the adoption of ready Al solutions is likely to
matter most to bring about widespread productivity benefits. For the social pillar around government
services, the adoption and adaptation of Al solutions both matter equally to guard the possibility of social
harm across sensitive use cases. For the political pillar around the Al value chain, Al advancement also
matters due to concerns about over-dependence and Al sovereignty.

The role of governments is central to guide these choices. More than 80 countries have national Al strategies
that are published, but there are stark differences between countries at different levels of per capita income
(refer to map 1). For example, only Rwanda among 26 low-income countries had published a dedicated Al
strategy compared to more than half of high-income countries, as of June 2025. Since 2021, countries
around the world have increasingly turned to the goal of “Al sovereignty” in their national Al strategies
(Radu 2025). This trend is motivated by concerns around the extraction of value from a country’s data,
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people, and resources while profits accrue abroad; dependency on foreign technology firms; and a desire to
retain control over key elements of the Al value chain.

Map 1 Global landscape of national Al strategies
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This section of the Report maps the key policy priorities for maximizing the productive use of Al in
developing countries while reducing unequal returns and guarding against possible misuse across three
dimensions: empowering entrepreneurs to leverage the value of Al; educating people to enhance workers’
capabilities; and ensuring trust by building effective governance and institutional frameworks to manage
AI’s broader societal impacts.

1. Empowering Entrepreneurs to Leverage the Value of AI

Government can create enabling conditions for businesses to power the use of Al solutions on a large scale.
On the supply side, a necessary first step is establishing the foundational infrastructure that enables access
to affordable electricity and internet connectivity—even if a country is just seeking to adopt existing off-
the-shelf Al solutions. On the demand side, limited awareness about Al, financial constraints, and lack of
management capabilities can constrain Al adoption across the production process. For many developing
countries, the adaptation of Al solutions to the local context could allow businesses to accrue greater
economic value, promote innovation, and guard against unhealthy dependences on foreign Al providers.
This would require governments to establish an enabling environment for supporting local Al innovation,
including the use of industrial policy such as government procurement to jumpstart domestic Al solutions.

Establishing the foundational digital and analog complements to spur the adoption of Al

On the supply side, access to electricity and the internet powers the use of Al. Such access is far from
universal in developing countries, especially in remote areas. Investing in energy infrastructure to ensure
universal, reliable, and affordable electricity access and use is therefore a priority. So is expanding and
upgrading internet infrastructure (broadband from the first, to the middle, to the last mile) to improve
coverage and quality; fast internet such as 4G, 5G, and fiber optics are particularly important for low-
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latency Al applications. Such foundational infrastructure is the typical public good that is unlikely to be
provided by the private sector, especially in remote areas. Yet, public investment in this infrastructure can
be complemented by private investment, including by reducing restrictions on foreign investment.
Establishing market competition in the provision of electricity and telecommunication services is also
important to leverage the related investments in infrastructure.

If the use of smartphones and other digital devices is an important complement to power Al solutions, there
might be merit in targeting support that improves access to such devices. At a minimum, reducing taxes on
the purchase of low-cost digital devices that provide voice, internet, and mobile wallet services can improve
access. It is estimated that the welfare costs of handset taxes are more than three times the revenue these
taxes raise (Bjorkegren 2019). There might also be merit in considering innovative financing mechanisms
for device ownership/access, such as the pay-as-you-go model, especially for low-income
households/individuals.

On the demand side, Al adoption might be slowed by existing regulations that constrain entrepreneurship
and the growth of productive businesses. Steps to make the business environment more conducive include
simplifying the processes for business entry and exit, improving access to finance, streamlining labor
regulations, and promoting market competition, including by liberalizing trade and promoting foreign direct
investment, which have historically played an important role in facilitating technology diffusion and
adoption. Similar to the adoption of other technologies, Al adoption might also be constrained by firm
capabilities, including limited awareness about Al and weak management practices. Governments can
intervene to plug in these information gaps.

Supporting competition and a local innovation ecosystem that spurs Al adaptation

Healthy competition in Al markets drives innovation, lowers costs, and enables local players to emerge
(Martens 2024; Vipra and Korinek 2023). The role of competition policy depends on how Al solutions are
monetized, and whether they are developed by domestic or foreign Al companies. If Al tools are monetized
through subscription-based services, concentration of the technology in the hands of a few big technology
companies based in advanced economies carries the risk of creating supplier lock-in and high prices for Al
solutions, limiting adoption and use, especially in developing countries that lack suppliers of core elements
of the technology (Athey and Morton 2025). Even if Al tools developed by the big technology companies
are free for users, competition might still lag owing to the lack of a level-playing field in terms of key
inputs, such as data sets and computing infrastructure (Tucker 2024). This lack of competition can limit
innovation and concentrate the benefits of Al among a few large corporations, create unhealthy
dependencies on foreign Al providers, and limit the ability of local stakeholders to shape Al in ways that
benefit their communities. Further, the potential misalignment of Al models with local contexts can make
Al solutions less effective in developing countries and slow diffusion.

The adaptation of Al models to the local context and the development of Al applications requires
investments in data sets, computing infrastructure, and talent. Public investment (including through
crowding in private investment to address prevailing market failures) can open up computing infrastructure
and data sets to small and medium enterprises (SMEs), academia, and start-ups to be able to run and fine-
tune Al models (Warso and Keller 2023). Here, the aim need not be to develop large-scale sovereign Al
models using fully localized data and computers, as this may have the unintended consequences of stifling
cross-border data flows, increasing geopolitical tensions, fragmenting global Al standards, increasing
surveillance risks, and magnifying environmental impacts.?’” The focus could instead be on enabling “small
AI” models that require smaller investments in computing infrastructure but are intentionally task-specific,
more easily interpretable, and can be made accessible offline to consumers (Hadgu et al. 2023).
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Governments can experiment with a range of “computing commons” approaches to make investments more
viable (Davies and Vipra 2025), although results are still nascent. Approaches may include decentralized
provision (such as the use of public funding to facilitate a network of smaller distributed facilities across a
region, which can be publicly or privately owned, as is being considered in China) or market-based
provision (using public funds to provide vouchers or subsidies for users to access compute from existing
market providers, as is the case in the IndiaAl mission). Governments can similarly support the
development of “data commons” approaches. For example, governments can lead open data initiatives to
make local language data accessible to Al developers. Innovative licensing models can ensure that local
communities that provide such data are appropriately compensated (Rajab et al. 2025). And data
governance practices, such as data intermediaries and public data trusts, could ensure the responsible
sharing of sensitive public sector data (such as health data) (Viljoen 2021). International cooperation can
support these approaches, but this will depend on support for trusted flows of data across borders (World
Bank 2021), as well as the adoption of international standards to promote interoperability and data
portability (World Bank 2025c).

Supporting AI adaptation through government procurement and other fiscal tools

Government procurement of Al solutions, such as through the development of digital public infrastructure
(DPI) is a powerful tool to shape Al ecosystems. Used well, these tools can incentivize responsible
innovation and crowd in privately developed local Al solutions aligned with public goals. This approach is
analogous to advance market commitments made in the context of vaccine development. However, poorly
designed safeguards can inadvertently lock in harmful systems (Zick et al. 2024). Governments can also
use financial incentives including subsidies, grants, and R&D credits to support the development of more
bespoke Al solutions. This is particularly relevant for application areas, where either the risk of societal
harm with misaligned Al models is high (for example, health, education, and justice delivery) or because
they provide public goods (for example, teacher assistants and digital public infrastructure).

However, once embedded in public services or infrastructure, Al systems are difficult to unwind, creating
path dependencies which might be especially costly because Al solutions need to be continuously
upgraded. *® Further, poorly designed rules can entrench incumbents or favor those with greater compliance
capacity, and limit transparency. Therefore, procurement rules need to avoid vendor lock-in, maintain
system interoperability, and mitigate dependencies on a single provider (Cohen et al. 2024). Embedding
DPI principles (such as data interoperability, open application programming interfaces [APIs], and
transparent audit trails) in procurement processes for Al tools can ensure that they integrate safely with
existing public systems and remain vendor-neutral.

2. Educating People to Enhance Workers’ Capabilities

Al is expected to reshape the labor market profoundly in the coming years. However, the risk of immediate
disruption in labor markets is relatively low in low- and middle-income countries owing to the lower
incidence of cognitive tasks.? At the same time, Al is likely to transform occupations and industries, and
create entirely new roles, leading to a mismatch between the skills that are being imparted today and the
skills likely to be in demand in the future. Some adjustments and different points of emphasis in education
policies will be necessary to guard against this mismatch. Broad-based skills development will spur Al
adoption and help adjust to Al-related disruption, while Al-related technical skills will matter for Al
adaptation. There will also be implications for reimagining pedagogy and curriculum design in formal
education systems to guard against Al hollowing out cognitive abilities such as writing and problem-
solving,
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Emphasizing broad-based skills development that will enable AI adoption and help adjust to
Al-related disruption

Al adoption is likely to be less widespread without literacy, numeracy, and basic digital skills, including
know-how to effectively “prompting” Al on what to do. Formal education during early childhood and
adolescence would be instrumental to impart these skills. For adults that have graduated from formal
education, training programs or on-the-job learning could be a bridge. For the less-skilled, less-educated
parts of the population, targeted information campaigns and training will likely make people more willing
and able to adopt Al technologies. For managers in governments and small enterprises, upskilling programs
might be the relevant policy lever to raise their capacity to absorb Al and complementary technologies.

Emphasizing the development of socio-emotional and other soft skills that are often shaped by early
childhood education might be important for people to adjust to Al-related disruption. For example, tasks
involving face-to-face interaction are less likely to be automated by Al and these are tasks where inter-
personal skills are important. Similarly, social-emotional skills will allow people to cope better with the
challenges that Al is bringing (Deming 2017; Dolev and Itzkovich 2020). The role of college education in
imparting specialized skills, such as coding and entry-level programming, might need to be revisited
considering the potential of Al to automate some of these specific knowledge-intensive tasks.

Investing in Al-related technical skills that matter for AI adaptation

The adaptation and advancement of Al requires investments across a range of specialized skills, including
computer science, data science, cybersecurity, Al ethics, and systems engineering (Martins-Neto et al.
2025). Some of these technical skills will be important for R&D testing to detect model bias, risk of
misinformation, and possible Al hallucinations. Entrepreneurial skills that help develop an understanding
of expected market impacts of Al applications in specific use cases may also play a crucial role in
successfully bringing customized Al products and services to the market. These aspects of human capital
need to be integrated into formal general and technical education systems, vocational training, and lifelong
learning on the job. Al-based personalized learning can be used to help people accumulate skills across
these channels of learning. In addition, establishing industry-academia partnerships to develop industry-
specific Al use skills would be important enablers.

Leveraging diaspora and foreign Al talent

There is the risk of brain drain associated with STEM educated workers and other Al talent migrating from
low- and middle-income countries to high-income countries. Low- and middle-income countries can
leverage the expertise of their diaspora and skilled foreign workers to strengthen local Al capabilities. By
working alongside local workers, these skilled workers can share best practices and innovative ideas,
leading to knowledge transfer and capacity building of the local workforce. Indeed, countries with
successful diasporas often have a higher potential for knowledge transfer (World Bank 2024). Governments
can tap into such talent that has migrated to high-income countries through diaspora engagement, research
incentives, and establishing Al hubs. To attract foreign Al talent, streamlined visa applications systems
could play a role.

Guarding against the possible erosion of human capital
Al has profound implications for pedagogy, curriculum design, and education systems more broadly. By
delegating to Al, students may not acquire these fundamental cognitive abilities, such as critical thinking

or writing, in school and/or further develop them at work. Further, education assessment might become less
meaningful and there might be a breakdown of traditional signals to potential employers (for example, via
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writing or communication tasks and test scores). Governments should ensure that the accumulation of core
cognitive abilities is not hampered by the use of Al. This may include curriculums that teach students how
to use Al tools in a way that avoids teaching, assessments that are conducted in the classroom rather than
at home, and pedagogy that emphasizes Al use by teachers rather than students. There may be lessons that
can be drawn from the ways in which the use of calculators and the use of the internet might have impacted
learning outcomes.

3. Ensuring Trust by Building Effective Governance and Institutional
Frameworks to Manage AI’s Broader Societal Impacts

Trust is the cornerstone of effective Al adoption. Without confidence that Al will not cause social or
economic harm, individuals and institutions will resist its use, thereby undermining its potential to deliver
public value. For example, while Al requires more and better data to improve accuracy, reduce bias, and
benefit people, greater data-sharing also heightens violations of privacy rights and surveillance (D’Ignazio
and Klein 2020; World Bank 2021). Similarly, there is the risk of extractive behavior where data and Al
models are harvested for profit (Widder et al. 2023) without meaningful benefit-sharing, especially for
communities that supplied the data in the first place (Abebe et al. 2021). To create and sustain trust against
the risk of social harms linked to Al use, there is a need for countries to establish robust Al governance
safeguards and move beyond principles toward an operational and enforceable trust infrastructure.
Implementing regulatory frameworks that achieve this is particularly challenging given the rapid pace of
change in Al technologies and institutional weaknesses in low-income countries. Governments can
experiment with different regulatory approaches, adopt good practices, strengthen institutional
preparedness, and invest in the evaluation of Al solutions.

Experimenting with different AI governance approaches

The establishment of robust Al governance frameworks can encompass both binding “hard” law and
nonbinding tools like industry self-governance, “soft” law, and standards. Some of these frameworks
involve cross-border agreements. The European Union (EU) Al Act and the Brazil Al bill are examples of
hard law that create clear, enforceable guidelines and generate legal certainty. At the same time, such hard
law is time-consuming and resource-intensive to design, implement, and enforce and requires significant
regulatory capacity.

The OECD/G20 Al Principles and the Singapore Model AI Governance Framework for Generative Al are
examples of soft law that set key normative standards while remaining adaptable and responsive to
technological advances. Such soft law focuses on high-level principles rather than specific rights and
responsibilities and can be “binding” to varying degrees.

The Colombia regulatory sandbox on privacy by design and default in Al projects and the Brazil regulatory
sandbox pilot for Al and data protection are examples of experimental approaches that provide a controlled
environment to test and evaluate new regulatory approaches, without exposing the public to unchecked
risks.

The Microsoft Aether Committee and Responsible Al Standard Playbook, Google Al Principles, and IBM’s
Al Ethics Board are examples of industry self-governance. They can be directly integrated into business

models but are nonbinding and potentially inappropriate for high-risk use cases.

Given the degree of uncertainty around the future trajectory of Al, countries are increasingly combining
these approaches to create hybrid Al governance models: for example, embedding soft-law principles or
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technical standards into binding legislation, or coupling regulatory sandboxes with clear enforcement
mandates. Taking a problem-driven, iterative approach to governance means that countries should foster
active experimental iterations of different governance structures, identifying what works and what doesn’t
in terms of protecting against certain risks or harms before scaling these into country-wide solutions
(Andrews et al. 2017).

Adopt good practices from around the world

With no established single approach for governing the development and use of Al, especially in developing
countries, adopting good practices can be a useful first step. Countries can tailor their legal and policy
frameworks by adopting good practices based on where they sit along the “Adopt, Adapt, Advance”
spectrum, recognizing that Al governance lies on a continuum. Countries can be developers in some areas
or sectors and primarily adopters in others. All countries need a baseline of Al governance good practices
and independent oversight, but the scope and stringency of regulation should evolve with their level of
adoption, institutional capacity, and the complexity of local Al use.

For Al adoption, governments can start by ensuring that Al solutions comply with local laws and ethical
standards, through baseline testing, registration, and human-in-the-loop safeguards.*° They can also identify
clear red lines for unacceptable uses of Al, like social scoring, exploitative/harmful deepfake imagery, and
mass surveillance, as does the EU Al Act list of unacceptable uses of Al. Governments can further prioritize
the enforcement of sectoral regulations. For example, in the health sector, regulators can strengthen
oversight of Al-enabled diagnostic and decision-support tools to ensure safety, accuracy, and respect for
patient privacy. These considerations have shaped the regulation of algorithmic systems even before the
latest advances in generative Al and will likely remain relevant, regardless of the direction of the technology
in the future.

For Al adaptation, governments can go further to adopt best practices that help evaluate, contextualize, and
improve imported general-purpose Al systems before deployment. For instance, governments can establish
transparency requirements, such as in the California Generative Artificial Intelligence: Training Data
Transparency Act 2024 that mandates developers of generative Al systems or services to disclose detailed
information about the data sets they used to train their models. Similarly, technical standards (such as the
Al risk management frameworks ISO/IEC 23053:2022) can help local Al developers comply with
intellectual property regulations, especially when embedded in procurement rules, or certification schemes.
The adoption of such technical standards should be paired with mechanisms to bridge participation gaps in
international standard-setting for developing countries (World Bank 2025a).

Where governments choose to invest in local computing infrastructure, policy must ensure environmental
sustainability. This includes mandatory environmental impact disclosures for data centers, or market-based
mechanisms like tiered electricity and water pricing that discourage excessive energy and water use by
charging higher rates during peak demand periods, alleviating stress on the electricity grid and water
systems.

Investing in the evaluation of Al solutions

Governments in low- and middle-income countries should invest in frameworks and implementation plans
to evaluate Al’s contribution to human capital development where context matters greatly, but where the
evidence base is thin. These frameworks could seek to verify the output being generated by the Al solution,
study whether the Al solution is user friendly or not, test the impact of the Al solution on relevant outcomes,
and analyze whether the Al solution is cost effective or not (The Agency Fund 2025).
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Investing in the development of institutional agility

Countries will require stronger and more agile institutions, especially if they seek to extract value from Al
and ensure guardrails against potential social harms, given the uncertain direction of AI development and
potential conflicts of interest where governments serve as regulators, users, and in some cases, investors in
Al. How can governments be better prepared? First, governments can engage multiple stakeholders such
as end-users, affected communities, businesses, and civil society to align Al policies with the new “social
contract” on Al—ensuring they are inclusive, responsive to local needs, and receive broader support.*'

Second, governments can invest in raising the capabilities of bureaucrats by promoting contestability in Al
regulatory offices, jobs, and ideas. Contestability in positions of power can foster responsive leadership and
prevent incumbents from becoming entrenched in their roles (refer, for example, to Acemoglu et al. 2014).
Contestability in government jobs through open recruitment and competitive hiring can promote merit and
attract qualified candidates (Aneja and Xu 2024). Contestability in the space of ideas through active policy
debates that include academia and civil society can promote evidence-based solutions.

Third, governments can foster global cooperation to help bridge capability gaps, reduce global asymmetries
in Al access, and establish trust frameworks that allow Al to operate safely across borders.

Consultations, Timeline, and WDR 2026 Team

Consultations and Timeline

Since the topic for the World Development Report 2026 was announced, the WDR 2026 team has held
internal consultations within the World Bank Group with global practices, verticals, corporate units, and
technical colleagues, and has had preliminary engagements with a range of external stakeholders (discussed
later in this section).

The WDR 2026 will also benefit from the guidance and advice of an Academic Advisory Committee and
consultations with other academics, as well as a High-Level Advisory Panel (discussed later in this section).

WDR 2026 will be published in late 2026.

The WDR 2026 Team

Gaurav Nayyar is the Director of the Report. Susan Athey from the Stanford Graduate School of Business
and Ufuk Akcigit from the University of Chicago are the Lead Academics. Joyce Ibrahim is the Task Team
Leader. The core team comprises S. Anukriti, Sharmista Appaya, Elwyn Davies, Lelys Dinarte-Diaz,
Samuel Paul Fraiberger, Yi Jie Gwee, Yan Liu, Jeremy Ng, Manuel Ramos Maqueda, Tiago Carneiro
Peixoto, Anja Sautmann, Katherine Stapleton, and Shu Yu. Deepak Mishra serves as an advisor to the WDR
2026 team. Aya Aboul Hosn, Alegria Burneo, Sonam Tshering Gurung, Sharif Kazemi, Bolor Erdene
Munkhbayar, Shyam Jayanti Patel, and Uzma Sahar Rauf serve as research assistants. Sandi Soe Lwin
provided administrative support through December 2025. Gabriela Calderon Motta has provided
administrative support since January 2026.

The Report is co-sponsored by the Development Economics Vice-Presidency and the Digital and Al
Vertical. Overall guidance for the preparation of the Report is provided by Indermit Gill (Senior Vice
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President and Chief Economist of the World Bank Group) and Somik Lall (Director of Strategy,
Development Economics Vice-Presidency).

External Consultations

The team has held consultations with the following organizations: Accel, Adalat Al, Al4Bharat, Al for the
People, Africa Practice, African Development Bank (AfDB), AfriLabs, Alibaba Group, Alpha Intelligence
Fund, Amazon, Anthropic, Arkam Ventures, ASEAN Foundation, Asian Development Bank (ADB), Aspen
Institute, Atlas Computing, Bank of Mongolia, BharathGen, Cambodia Academy of Digital Technology,
Carnegie Endowment for International Peace, Center for Analysis of Economic Reforms and
Communication, Centre for Intellectual Property and Information Technology Law, Centre for Open
Societal Systems, Cognitive Insights for Artificial Intelligence, Consumer Reports, Cyber Sierra, Deloitte,
Department of Communications and Digital Technologies (South Africa), Digital Government Committee
(Cambodia), EkStep Foundation, E-Mongolia, European Bank for Reconstruction and Development
(EBRD), European Commission, European Investment Bank (EIB), Foreign Correspondents Club of Japan,
Gates Foundation, GitHub, Google, Google I/O partnerships, Google Research, Grab, Homai, Humane
Intelligence, IDB Invest (Inter-American Development Bank Group), Independent Communications
Authority of South Africa (ICASA), Infosys, Innovation and Digital Development Agency (Azerbaijan),
Inter-American Development Bank (IDB), International Centre for Theoretical Sciences, International
Economics Consulting, International Monetary Fund (IMF), International Telecommunication Union
(ITU), ISEAS — Yusof Ishak Institute, Jus Mundi, Kalaari Capital, Karnataka Digital Economy Mission,
KPMG, Leo Capital, LinkedIn, Masakhane African Languages Hub, Meta, Microsoft, Ministry of
Electronics and Information Technology (India), Ministry of Industry and New Technologies (Artificial
Intelligence Council) (Tajikistan), Ministry of Industry and Trade (E-Commerce and Digital Economy
Agency) (Viet Nam), Ministry of National Development Planning (Indonesia), Ministry of Science,
Technology and Innovation (Malaysia), MOSIP, National Artificial Intelligence Center (Azerbaijan),
National Artificial Intelligence Expert Council (Mongolia), National Association of Software and Service
Companies (NASSCOM), National Institution for Transforming India (NITI Aayog), Nikkei, Nirmai.ai,
NVIDIA, Office of the Council of State (Thailand), Omidyar, OpenAl, Open Forum for Al, Organization
for Economic Co-operation and Development (OECD), Otoritas Jasa Keuangan (Indonesia Financial
Services Authority), PayGlocal, People + ai, Qure.ai, RBI Innovation Hub, RevolutionAlze, Rocket
Learning, Rookie Systems LLC, Sarvam Al, Shutterstock, Smart Government II Project Implementation
Unit (Mongolia), Snowmountain Al, STelligence, Swiss Al, Takshashila Institution, Tencent Group,
TROTRO Tractor Ltd, United Nations Children’s Fund (UNICEF), United Nations Development
Programme (UNDP), upGrad Enterprise, and zypl.ai.

The team consulted with many of these organizations as part of a series of consultations that took place and
are being planned across several regions. As of this publication, the team held: (i) a regional consultation
in Tokyo (Japan) in December 2025 co-sponsored with the Asian Development Bank Institute (ADBI), with
stakeholders from Azerbaijan, Bangladesh, Cambodia, China, Japan, India, Indonesia, Republic of Korea,
Malaysia, Mongolia, the Philippines, Singapore, Tajikistan, Thailand, and Viet Nam; and (ii) consultations
in Bangalore (co-hosted by InfoSys) and Delhi (India) in December 2025. These consultations brought
together a diverse group of stakeholders—including government entities, research institutions/think tanks,
and private sector actors—to share regional experiences, identify pressing policy questions, and ensure the
report’s recommendations are grounded in real-world development challenges and opportunities. Further
planned consultations include: (i) a regional consultation in Pretoria, South Africa in March 2026 co-
sponsored with the University of Pretoria and focused on several Sub-Saharan African countries; (ii) a
regional consultation in Rome in March 2026 focused on countries from Europe and Central Asia; and (iii)
aregional consultation in Saudi Arabia in April 2026co-sponsored with the World Bank’s Knowledge Hub
focused on countries from the Middle East, North Africa, Afghanistan, and Pakistan.
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Regional Initiatives

There are several ongoing regional initiatives, coordinated by the regional chief economist offices, that are
complementary to this Report and are, indeed, informing the Report. This includes two recent regional
updates on East Asia and the Pacific and South Asia that discussed the implications of Al for jobs. Further,
the analysis in a World Policy Research Working Paper, entitled “Buffer or Bottleneck? Employment
Exposure to Generative Al and the Digital Divide in Latin America” and authored by colleagues in the Latin
America and Caribbean Region, is being extended to larger set of low- and middle-income countries to
better understand the potential labor market impacts of Al. Going forward, the Europe and Central Asia
Chief Economist’s Office is working on the topic of Al and aging for a forthcoming regional update/report.
And the Middle East, North Africa, Afghanistan, and Pakistan Chief Economist’s Office is working on a
report on labor markets that will include a discussion on Al

Academic Advisory Committee and Other Academic Consultations

The Academic Advisory Committee is comprised of the following members: David H. Autor
(Massachusetts Institute of Technology), Daniel Bjorkegren (Columbia University), Nicholas Bloom
(Stanford University), Erik Brynjolfsson (Stanford University), Bhaskar Chakravorti (Tufts University),
Julie Cohen (University of Chicago), Avi Goldfarb (University of Toronto), Aziz Z. Huq (University of
Chicago), Michael Kremer (University of Chicago), David Leslie (Queen Mary London), Arvind
Narayanan (Princeton University), Ziad Obermeyer (University of California, Berkeley), Benjamin
Rosman (University of the Witwatersrand), Catherine Tucker (Massachusetts Institute of Technology), and
Yi Zeng (Institute of Automation, Chinese Academy of Sciences, University of Chinese Academy of
Sciences).

In addition, the WDR 2026 team has consulted with the following academics: Rachel Adams (African
Observatory on Responsible Al), Philippe Aghion (College de France and INSEAD), Khondaker Abdullah
Al Mamun (United International University, Bangladesh), Asrat Mulatu Beyene (Addis Ababa Science and
Technology University), Altan Cakir (Istanbul Technical University), Maggie Chen (George Washington
University), Zhao Chen (China Center for Economic Studies, Fudan University), David Eaves (University
College London), James Evans (University of Chicago), Nick Feamster (University of Chicago), Robert
Grossman (University of Chicago), Sivaramakrishnan R. Guruvayur (Amritapuri Vishwa Vidyapeetham,
India), Yuki Higuchi (Sophia University), Jingbo Huang (United Nations University Institute in Macau
SAR, China), Seiro Ito (JETRO Institute of Developing Economies), Zhiyuan Jiang (Shanghai University),
Ben Jones (Northwestern University), Taro Katsurai (JICA Ogata Sadako Research Institute for Peace and
Development), Rembrand M. Koning (Harvard Business School), Anton Korinek (University of Virginia),
Ponnurangam Kumaraguru (International Institute of Information Technology (IIIT) Hyderabad) Lixing Li
(National School of Development, Peking University), Zhikuo Liu (School of Economics, Fudan
University), Joel Mokyr (Northwestern University), Jabu Mtsweni (Council for Scientific and Industrial
Research [CSIR] South Africa), Deeparghya Mukherjee (Indian Institute of Management Nagpur), Atsuko
Munemura (Chiba University of Commerce), Yadati Narahari (Indian Institute of Science (IISc)
Bangalore), Izumi Ohno (GRIPS [National Graduate Institute for Policy Studies]), Nohyoung Park (Korea
University Law School), Alan Ross (Global Al Solutions), Jun Saito (Japan Center for Economic Research),
Aduwati Sali (Institute for Mathematical Research and Intelligent Systems [INSPEM], Universiti Putra
Malaysia), Sunita Sarawagi (Indian Institute of Technology (IIT) Bombay), Jonathan Shock (University of
Cape Town), Ram Singh (Delhi School of Economics), Tetushi Sonobe (GRIPS [National Graduate Institute
for Policy Studies]), Milind Tambe (Harvard University), Neil Thompson (Massachusetts Institute of
Technology), Yasushi Ueki (JETRO Institute of Developing Economies), Lan Xue (National School of
Development, Peking University), Hiroyuki Yamada (Keio University), Naoyuki Yoshino (Keio
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University), Dandan Zhang (National School of Development, Peking University), and Yuan Zhang (China
Center for Economic Studies, Fudan University).

High-Level Advisory Panel

The High-Level Advisory Panel is comprised of the following members: Abdullah Alswaha (Minister of
Communications and Information Technology, Saudi Arabia), Karan Bhatia (Global Head, Global Affairs
and Public Policy, Google), Rumman Chowdhury (Founder, Humane Intelligence), Amal El Fallah
Seghrouchni (Minister of Digital Transition and Administrative Reform, Morocco), Ryu Je-Myung (Vice
Minister of Science and ICT, Republic of Korea), Kate Kallot (CEO and Co-Founder, Amini), S. Krishnan
(Secretary, Ministry of Electronics and Information Technology, India), Albert Park (Chief Economist,
Asian Development Bank), Amandeep Singh Gill (Under-Secretary-General and Secretary-General's
Envoy on Technology, United Nations), and Bosun Tijani (Minister of Communications, Innovation, and
Digital Economy, Nigeria).
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Notes

! A general-purpose technology (GPT) is characterized by widespread use, the potential for continuous innovation,
and innovation in application industries.

2 AGeneral purpose Al chatbots are Al applications that can perform a wide variety of tasks, such as answering
questions, generating content, and assisting with coding. Examples include OpenAI’s ChatGPT, Google’s

Gemini, Microsoft’s Copilot, and Anthropic’s Claude.

3 This uses job posting measures of widespread use, potential for innovation, and innovation in application
industries.

4 The continued pace of improvement in Al performance across some of these functions is uncertain because
underlying prediction algorithms may not be able to generalize to sophisticated cognitive achievements (Shojaee et
al. 2025).

5 GitHub is a software developer platform that allows developers to create, store, manage, and share their code.

® More broadly, Al is also an input to other “frontier technologies” such as biotechnology and nanotechnology,
which implies that progress in Al will be correlated with advancement in these other domains (United Nations
2018).

" For example, training of Al models that cost less than US$1,000 in 2017 increased to US$4million to US$6 million
by 2020, and now routinely exceed US$170 million (Cottier et al. 2025; Sevilla and Roldan 2024). The estimated
training costs for OpenAl’s GPT-4 and Meta’s LLaMA 3.1 are approximately US$80 million and US$170 million,
respectively.

8 Recent developments show that smaller open-source Al models trained efficiently on high-quality data can match
or even exceed the performance of much larger proprietary systems at a fraction of the cost (Sevilla and Roldan
2024). For example, DeepSeek-V3 was trained for just US$5.6 million, compared to the tens or hundreds of millions
spent on models like GPT-4 (DeepSeck 2024).

° The latest GenAl models, such as Claude Al also show more and more robust performance in languages with
modest existing resources, such as Mali's 13 official languages (Dembele et al. 2025).

19 However, recent data from Anthropic’s Claude.ai chatbot show that users in countries with relatively low per
capita Al usage prefer delegating tasks to Al (automation), whereas users in economies with high per capita Al usage
prefer more collaborative or learning-based interactions with Al (augmentation) (Anthropic 2025).

! Evidence from the United States shows that 40 percent of US adults adopted generative Al tools within two years
of the first mass-market product release compared to 20 percent within three years for personal computers.

12 Open-source foundation Al models are models whose architecture is publicly available for others to use, modify,
and build upon.

13 The gap between open and closed Al models is narrowing. On the Chatbot Arena leaderboard, for example, the
top open-weight model lagged the leading closed model by 8.0 percent in early 2024; by early 2025, that gap had
shrunk to just 1.7 percent (LMSYS 2025).

14 The lack of sufficient technology diffusion among poor countries in each GPT wave is reflected in the fact that the
intensity of use of adopted technologies in lower-income countries compared to high-income countries has diverged
with each GPT wave (Comin and Mestieri 2018).

15 Historical examples of technological lock-in, such as the “QWERTY” keyboard layout (David 1986), the VHS
system in videocassette recording (Arthur 1990), and the “light-water” design for civilian nuclear power reactors
(Cowan 1990), show how the initial adoption of specific technologies can persist for decades even if they could be
suboptimal in some instances.

16 While evidence is scarce, there is evidence in developed countries that the polarization of views can lead to hate
crimes (Chan et al. 2016; Miiller and Schwarz 2021).

17 The target sample is around 120 technical officers with expertise in various types of digital system or activity in
government

18 The target sample is around 2,500-3,000 business establishments in India, Jordan, Kenya, Malaysia, Mexico,
Nigeria, Tiirkiye, and the United States.

19 The survey instrument is adapted from existing surveys around technology adoption, including the World Bank’s
Firm-Level Adoption of Technology (FAT) survey (Comin et al. 2022), the Eurostat ICT and E-commerce Surveys,
and the US Business Trends and Outlook Survey (BTOS). The module on expectations is based on the methodology
developed by the Federal Reserve Bank of Atlanta to measure business uncertainty (Altig et al. 2022) and used by the
World Bank during COVID-19 to measure uncertainty around the world (Avalos et al. 2025).
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20 The impact of technological change on jobs has typically been assessed through a task-based framework
(Acemoglu and Restrepo 2019). First, there is a “displacement” effect whereby the technology replaces labor in
certain tasks. Second, there is a “productivity” effect whereby automation raises labor productivity and increases the
demand for labor in non-automated tasks. Third, there is a “reinstatement” effect whereby technologies can create
new tasks.

2 ' Whether these productivity gains translate into employment losses or gains depends on a large extent on whether
scale effects (increased demand due to productivity gains) outweighs the substitution effect of needing fewer
workers to provide the same.

22 In 2019, there were 2.9 physicians per 10,000 people in Sub-Saharan Africa, far below the global average of 16.7;
these physician-patient densities were also low (less than 10 per 10,000) in South Asia and the Middle East and
North Africa (Haakenstad et al. 2022). Similarly, the average student-teacher ratio in primary schools across low-
income countries is approximately 40:1, compared to about 15:1 in high-income countries (UNESCO Institute for
Statistics, https://databrowser.uis.unesco.org/).

23 This capacity of generative Al builds on the success of previous digital technologies in expanding access to
government services in remote areas by enabling less qualified workers to complete more expert tasks across sectors
including health, education, environmental management, and social protection (Mitchell et al. 2013; Muralidharan et
al. 2016; Muralidharan et al. 2019; Slough et al. 2021; Tan et al. 2024).

24 For example, evidence from India, Kenya, Nepal, the Philippines, and Uganda shows that phone call tutorials
have improved learning outcomes through targeted instruction tailored to students’ needs (Angrist et al. 2023).
Similarly, digital technology interventions have improved learning in contexts where the regular school system was
unavailable (Angrist et al. 2022).

25 LLMs do not have network effects whereby a product or service becomes more valuable as more people use it and
have higher marginal cost. This could weaken the market position of providers of LLMs, with the most gains
accruing to providers of Al chips (Nvidia), and cloud computing services (AWS, GCP, Azure).

26 Al development may also be skewed toward certain sectors because Al investment (usually) flows toward high-
profit sectors (finance, advertising, defense) rather than public goods (health, education, agriculture).

27 This approach contrasts with that of many advanced economies and large emerging markets that are actively
pursuing the creation of sovereign large-scale Al models. Driven by strategic competition, concerns over
dependency, and the geopolitical value of Al capabilities, the aim is to secure control over critical components of the
Al supply chain, including semiconductors, computing infrastructure, data sets, and talent (Belli 2023; Jiang and
Belli 2025; Miigge 2024; Nothias 2025).

28 For example, an Al model trained on data collected in violation of data subject rights cannot be easily “un-
trained” on that data, short of deleting the model entirely (refer to Shreve 2024).

2 To the extent that there is disruption, governments may consider social safety nets and re-skilling training
programs to facilitate the reallocation of workers who are displaced by Al to occupations that are either less affected
by Al or those that are expanding due to Al

30 Human-in-the-loop safeguards are mechanisms that use a human to actively review, validate, or override Al-
driven decisions, often by handling complex, ambiguous, or high-stakes situations that automated systems are not
equipped to manage alone.

3! For example, Bangladesh plans to create an independent National Artificial Intelligence Center of Excellence
(NAICE) that will be responsible for constituting a multistakeholder High-Level National ATl Advisory Council
including official agencies, civil society experts, and representatives from industry and academia to guide the
implementation of Al initiatives in various sectors (refer to Baree 2024).
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