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Abstract

Research on the labor market implications of artificial
intelligence has focused principally on high-income coun-
tries. This paper analyzes this issue using microdata from
a large set of low- and middle-income countries, applying
a measure of potential artificial intelligence occupational
exposure to a harmonized set of labor force surveys for
25 countries, covering a population of 3.5 billion people.
The approach advances work by using harmonized micro-
data at the level of individual workers, which allows for a
multivariate analysis of factors associated with exposure.
Additionally, unlike earlier papers, the paper uses highly
detailed (4 digit) occupation codes, which provide a more
reliable mapping of artificial intelligence exposure to
occupation. Results within countries, show that artificial

intelligence exposure is higher for women, urban workers,
and those with higher education. Exposure decreases by
country income level, with high exposure for just 12 percent
of workers in low-income countries and 15 percent of work-
ers in lower-middle-income countries. Furthermore, lack
of access to electricity limits effective exposure in low-in-
come countries. These results suggest that for developing
countries, and in particular low-income countries, the labor
market impacts of artificial intelligence will be more limited
than in high-income countries. While greater exposure to
artificial intelligence indicates larger potential for future
changes in certain occupations, it does not equate to job
loss, as it could result in augmentation of worker produc-
tivity, automation of some tasks, or both.
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1. Introduction

The field of artificial intelligence (Al) has undergone remarkable development in recent years.
Most notable has been the takeoff of generative Al since the introduction of ChatGPT 3.5 in
November 2022. Investment in the sector has exploded, and the topic of Al has become a focus in
debates worldwide (Maslej et al. 2024). While the future of Al is unpredictable (Brynjolfsson et
al. 2024), many observers expect that Al will lead to fundamental changes in jobs, skills
requirements, and economic structures like those set in motion by the Industrial Revolution and
the advent of the digital age (Cazzaniga et al. 2024). The ultimate effects on workers and jobs,
however, remain highly uncertain.

Most economic research on the effects of generative Al on workers has focused on high-income
countries (HICs). Only a few papers have considered what Al will mean for low- and middle-
income countries (LMICs) (Comunale and Manera, 2024, Gmyrek et al. 2024). AI’s overall
impacts may differ in LMICs from HICs due to differences in three principal areas: infrastructure,
human capital, and economic structure. First, the basic foundations for Al use—consistent access
to electricity and affordable internet—are not universally available in some developing countries.
In low-income countries, less than half of the people have access to electricity and just over one
in four (27 percent) use the internet. Second, the levels of human capital needed to work effectively
with Al are much lower in LMICs. Around 70 percent of children in low- and middle-income
countries are “learning poor,” meaning that they cannot read and comprehend a simple text by age
10 (World Bank 2022). Third, LMICs typically have a different economic structure, with a large
share of workers in agriculture and low-skilled service jobs and fewer in knowledge-intensive
sectors and occupations, which may be most affected by Al

In this paper we analyze how differences in occupational composition may affect AI’s impact on
jobs, with a focus on middle- and low-income countries and including the United States for
comparison. We advance over the existing nascent literature in a number of ways. First, we apply
the Al Occupational Exposure (AIOE) index developed by Felten et al. (2021) to labor force
surveys covering a population of 3.5 billion people or around 45 percent of the world’s population.
The AIOE relies on the O*NET classification of occupations originally developed for the US labor
market. Second, we use detailed microdata from a larger set of low-, lower-middle-, and upper-
middle-income countries than employed in earlier studies like Cazzaniga et al. (2024) and
Pizzinelli et al. (2023). The use of harmonized individual-level data for 25 countries across all
income groups allows the identification of systematic differences and stylized facts. The dataset
includes occupation-level data at the more granular four-digit International Standard Classification
of Occupation (ISCO) level. Third, we exploit that microdata to explore how Al exposure varies
by different socio-demographic groups in a multivariate framework. This allows us to provide a
more differentiated view than earlier studies.

We find large differences in exposure to Al occupations by country income level. We normalize
exposure at the individual worker level on a scale that ranges from 0 (no exposure) to 100 (full
exposure). Mean exposure across workers is greatest in our high-income country (the United
States) at 62. This is followed by upper-middle-income countries with an average exposure level
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of 49, and lower-middle-income countries with a mean of 44. Workers in low-income countries
have an exposure value to Al of 37. At the worker level, education level is strongly associated with
Al occupation exposure in middle-income countries. Female workers are more exposed to Al in
all country income levels, but the gap is much more pronounced in high- and upper middle-income
countries. Urban workers are generally more exposed to Al than rural workers. Overall, we find
general support for the notion that advances in Al will disproportionately affect white-collar
occupations.

We also overlay the measure of Al exposure at the worker level with household-level data on
electricity access. This analysis shows that energy access is a further constraint to Al exposure,
principally for rural residents of low-income countries.

The paper is structured as follows: Section 2 provides a literature review on Al and the labor market
with a focus on low- and middle-income countries and introduces the data and approach used in
the analysis. Section 3 reports stylized facts about cross-country Al occupation exposure for the
country sample. Section 4 concludes.



2. Measuring Al exposure and labor market impacts

Artificial intelligence (AI) may transform labor markets and the nature of work in a manner
analogous to the Industrial Revolution (Cazzaniga et al. 2024). With its capacity to automate tasks,
optimize processes, and augment human capabilities, Al is poised to reshape job roles, the skills
required, and the composition of the economy. In contrast to previous episodes of technological
change, this process is not characterized only by the automation of routine, repetitive tasks.
Generative Al models can learn from data and create new things on their own, affecting diverse
sectors of the economy. As a result, Al could fundamentally alter the nature of work. To gauge the
potential effects of Al, the literature has used a “task model” approach following Autor et al.
(2003). These models consider each occupation as a set of tasks. Linking this to Al, tasks are
classified by their level of “exposure” to Al, and then these measures are aggregated into a measure
of exposure at the occupation level. Definitions of exposure and its interpretation vary across
studies.

It is important to note that exposure does not necessarily mean that a task or job will be replaced
by Al It could also mean that Al will augment productivity of the task or result in a reconfiguration
of the composition of occupations or jobs.

The following section describes approaches to measure the exposure of occupations to Al before
reviewing some of the current empirical literature on Al.

2.1. Measuring Al exposure

A task model approach has been employed by numerous research efforts to assess the impact of
digital technologies and Al on occupations, utilizing the US-based O*NET database (e.g., Autor
and Handel 2013). The O*NET database has most often been used for analysis of the labor market
of the United States and other high-income countries. Originally developed by the US Department
of Labor, the database provides detailed information on a wide range of occupations, including job
duties, required skills, educational qualifications and labor market trends. The primary goal of the
database is to help individuals make informed decisions about career paths based on their skills
and interests. It does this by providing a detailed description of current occupations and the tasks
and skills required to perform them. It is updated regularly, and the job definitions have been used
in research to provide insights into job trend analysis and workforce development.

One of the most prevalent indicators utilized in Al-related analysis is the "Artificial Intelligence
Occupation Exposure" (AIOE) index developed by Felten, Raj, and Seanmans (2021). This index
is predicated on the O*NET classification of occupations and defines Al exposure by linking the
human tasks in an occupation with Al applications, continuing the work by Frey and Osborne
(2017) who focused on computerization. Pizzinelli et al. (2023) further developed this index by
incorporating additional information from the O*NET database. This included the social, ethical,
and physical context of occupations, as well as the required skill level. Another similar research



approach was developed by Webb (2020). This approach identified the intersection between Al
capabilities described in patents and the job descriptions provided by O*NET. Occupations with a
higher fraction of tasks that overlap with patented Al capabilities are classified as more exposed
to Al This index provides a patent-based perspective on Al exposure, offering a unique lens on
how emerging Al technologies might impact various job roles. Both Felten et al. (2021) and Webb
(2020) underscore the capabilities of Al within existing tasks. Separately, Brynjolfsson et al.
(2018) evaluate the suitability of specific tasks for machine learning and connect these assessments
to O*NET occupations.

2.2. Al impacts in the labor market worldwide

The body of work on potential Al-related impacts in the labor market is growing, with a particular
focus on the United States.* A stylized economic model assumes that Al-related tasks increase the
productivity of workers, either substituting or complementing current work. Research has been
conducted within firms, at the macroeconomic level, and considering overall effects of Al on
workers.

On the firm level, many assume that productivity may increase following the introduction of Al
(e.g. Agrawal et al. 2019), viewing it as an additional input to a firm’s production function.
However, firms will need time to adapt to the new technology and the impact on productivity may
only be observed with a delay (Brynjolfsson et al. 2019). Researchers have linked firm economic
performance to Al patent registration (e.g. van Roy et al. 2020, Behrens and Truschke 2020),
analyzed online job vacancies (e.g. Acemoglu et al. 2022, Babina et al. 2024), and used a survey-
based approach to assess the prevalence of Al usage within firms (Czarnitzki et al. 2023). Svanberg
et al. (2024) estimate that firms will introduce Al gradually and at a much slower pace than
originally anticipated given the introduction costs firms face. A synthesis of several academic
studies estimates the overall impact of Al adoption on annual worker productivity growth within
a firm to be between 1.7 and 2.7 percentage points (Hatzius et al. 2023).

There is some evidence that highly skilled workers will be particularly affected by recent Al
developments (e.g., Felten et al. 2021, Felten et al. 2023). Some recent studies on generative Al
have demonstrated that for a given task, productivity gains are primarily observed in lower-skilled,
less experienced workers (Brynjolfsson et al. 2023, Noy and Zhang 2023).

In a study on the United States, Eloundou et al. (2023) used the O*NET database to gauge the
impacts of large language models (LLMs) and calculate the potential for Al and automation. The
authors conclude that approximately 20 percent of jobs are exposed to LLM in more than 50
percent of their tasks, suggesting that the impact of Al is pervasive and has significant effects on
economic activities. A McKinsey study (2024) obtains similar results and estimates that about 27
percent of tasks in European countries and around 30 percent of tasks in the US will be Al-based

4 See Comunale and Mandera (2024) for an excellent review of the literature and an analysis of regulations that are
currently ongoing.



in the near future (Hazan et al. 2024). Hatzius et al. (2023) conclude that generative Al could
substitute up to one-quarter of current work, thereby raising US labor productivity growth by
approximately 1.5 percentage points over the next ten years.

To date, only a few papers have considered the potential impacts of Al on low- and middle-income
countries. The most recent and prominent examples are Pizzinelli et al. (2023) and Cazzaniga et
al. (2024). Pizzinelli et al. (2023) expanded the AIOE index with a measure of complementarity
and applied it to two high-income countries (the United Kingdom and the United States) and four
middle-income countries (Brazil, Colombia, India, and South Africa). The authors identified
differences between countries when examining Al occupation exposure due to disparate
employment structures. However, when accounting for complementarity, these differences
diminished. In all countries, the authors detect a higher occupational exposure to Al for women
and highly educated workers, as well as for workers with higher earnings. Cazzaniga et al. (2024)
further develop this approach and find that, using ILO employment indicators, nearly 40 percent
of workers worldwide are exposed to Al. Additionally, they conclude that Al may exacerbate
inequality. Overall, they conclude that the degree of Al exposure varies across economies, with
advanced economies reporting a higher prevalence of Al-impacted jobs, reaching up to 60 percent
compared to 40 percent in emerging markets and 26 percent in low-income countries.

Gmyrek et al. (2023) employ a distinct methodology, prompting ChatGPT-4 to gauge occupational
and task-level exposure to Al. The resulting estimates are then applied to country-level data from
59 countries, comprising eight low-income countries, 24 lower-middle-income countries, 19
upper-middle-income countries, and eight high-income countries. The authors conclude that the
effect of Al on labor markets varies across country income groups. Focusing only on workers in
Latin America, Gmyrek et al. (2024) further estimate that it is mostly younger, urban-based and
better educated workers that are exposed to AI. Workers in high-income countries have the highest
exposure to automation and augmentation. Focusing on China as an example of a middle-income
country, Lou et al. (2024) demonstrate that the occupational exposure to Al is lower than in the
United States. The effects of Al are still pervasive throughout the Chinese economy, but the
magnitude of these effects varies by geographic location within China.

Other researchers have used simulations or theoretical frameworks to assess Al’s potential impacts.
Acemoglu and Restrepo (2019), for example, provide a framework for Al-related or automation
technologies. The framework's core concept is that labor demand for workers in occupations
susceptible to automation-induced displacement may decline due to the accrual of productivity
gains. Accordingly, the overall effects on job displacement then depend on the workers' ability to
move to other occupations and the potential to create new jobs. Depending on what magnitude of
the two opposing effects prevails, this could overall result in either more jobs being created (World
Economic Forum 2023) or more jobs disappearing (Acemoglu and Johnson 2023).° There is also
the risk of linking humanoid robots to generative Al appliances, which could further expand the
effects of Al on the workforce (Acemoglu and Restrepo 2020). Importantly, certain demographic

5> Taking a longer perspective, Autor et al. (2024) analyze technological innovation from 1940 to 2018 and find that
more than every second worker today is employed in occupations that did not exist in 1940.



groups may encounter greater challenges in adapting to this process. For instance, younger workers
may be more readily able to adjust to Al than older workers.

2.3. Data and methodology

We rely on two different types of data to examine Al exposure:

(1) Worker-level information: We use the global labor database (GLD) that provides access to
harmonized labor force surveys for 25 countries. The surveys are harmonized on all levels
for a set of key variables and give access to the 4-digit International Standard Classification
of Occupations (ISCO). The countries included in the database are predominantly low- and
middle-income countries. To enable comparisons with high income countries, we also
include household survey data for the United States and Chile.® We rely on the latest labor
force survey data collected from 2014 to 2023 for these 25 countries. Overall, the analysis
encompasses data from approximately 3 million workers.

(2) Indicator on Al occupational exposure (AIOE): This study adopts the AIOE index,
developed by Felten et al. (2021) to explore the potential for Al exposure on occupations.
The construction of the index is twofold. In a first step, Felten et al. (2021) identified a set
of applications of Al building on the information provided by the Electronic Frontier
Foundation Al Progress Measurement Project. In a second step, Felten et al (2021) combine
information on the Al applications with the tasks and abilities as listed in the Occupational
Information Network (O*NET). This yields the AIOE, a measure of occupational exposure
to Al applications. This measure ranges from the lowest AIOE of -2.67, which is for
“Dancers”, to the highest calculated AIOE of 1.58 for “Genetic Counselors”. The
occupations the index reports stem from the Standard Occupational Classification (SOC)
system in the 2018 version. As our harmonized surveys are stored in the International
Standard Classification of Occupations (ISCO), we map the SOC level information to
ISCO 2008. We then normalize the original values spanning from -2.67 to 1.58 to the range
from 0 to 100 and interpret them as the occupational exposure to AL.” As an example in our
dataset the occupations with the lowest AIOE of 0 is the ISCO 2008 category for “Dancers
and Choreographers”, the ISCO 2008 category “Weaving and knitting machine operators”
has an AIOE value of around 25, examples for ISCO 2008 categories with a value at around
50 are “Bus and Tram drivers” and “Aircraft Engine mechanics and repairers”. Further up
the scale, “Medical records and health information technicians” report a value of around
75 and the highest AIOE value in our dataset is 100 for “Financial Managers”.

6 See Appendix Table 1 for an overview of countries, sample size and observations.
7 See the Github Felten et al. (2021) set up to describe the construction of the AIOE as well as the AIOE values for
each occupation for further information: https://github.com/AIOE-Data/AIOE.



Overall, the AIOE provides information on the impact that Al may have on specific tasks and skills
that make up an occupation. The importance of Al to the occupation may be higher or lower, but
we do not make any argument as to how it might complement or replace the occupation or relate
it to productivity. The results can therefore be interpreted as the average exposure of a particular
occupation to Al

One limitation of this and other studies that map occupations to Al exposure using O*NET is that
its occupation-specific tasks and abilities are based on the US labor market. A given occupation in
the United States is likely to involve a more sophisticated set of tasks and abilities than the same
occupation in a developing country. This is particularly the case if occupations are defined very
broadly. As a result, this kind of analysis will tend to overestimate the Al exposure of workers in
LMICs. We partially address this concern and improve upon previous analyses by using highly
detailed 4-digit occupation codes. These provide a closer and more accurate mapping between
occupations and Al exposure and reduce the tendency to over-estimate Al exposure in LMICS.

The 4-digit ISCO codes enable the analysis of Al occupational exposure information for 572
different occupations compared to 49 occupational categories if we were to use 2-digit ISCO codes
or 9 categories for 1-digit ISCO codes (Table 1). This provides not only more categories but also a
greater depth of information as shown in a graphical representation of all AIOE values plotted by
4-digit and 2-digit ISCO codes (Figure 12). The information gain from more detailed ISCO codes
can expressed through entropy measures such as the Shannon or Simpson indices. Both can
indicate whether a 4-digit ISCO classification is merely a "finer disaggregation" in a nominal sense
or adds information on the occupational structure. The increasing values for the Shannon index
and the Simpson index confirm the added value of using the 4-digit occupational information index
compared to the 1-digit or 2-digit indices. For example, the extension of the occupational
categories from 2 digits (49 categories) to 4 digits (572 categories) represents a 55 percent increase
in the information gain as measured by the Shannon index. The information gain more than doubles
when deepening the ISCO categories from a 1-digit to a 4-digit level as per the Shannon Index
(Table 1).

Table 1: Entropy information gain measures

1 digit ISCO 2 digit ISCO 4 digit ISCO

code code code
Number of categories 9 49 572
Shannon index 2.01 3.16 4.90
Simpson index (1/n sum of squared probabilities) 6.54 14.92 55.32

To get a better picture, we further explore potential concerns about the transferability of the
O*NET-based Al Occupational Exposure Index by comparing occupations in the agriculture sector
in the United States with occupations in the agriculture sector in low-income countries. The AIOE
different between the two groups with a value of 27 for LICs and 41 for the United States. This
suggests that although workers are employed in the same sector, they are actually employed in
distinctly different occupations within agriculture in LIC compared to the United States. This is
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further confirmed by looking at the main occupations in the agriculture sector for the two groups:
In the United States, half of the workers (47%) are "Agricultural and forestry production
managers", while in the LICs, half of the workers are employed as "Subsistence mixed crop and
livestock farmers" (31%) and "Crop farm laborers" (16%). In sum, we recognize the caveat that
the AIOE results for LMICs are likely to provide an upper bound, but the change in occupations
and AIOE across income groups gives us confidence in our approach.

To summarize the characteristics associated with Al occupation exposure, we pool data from the
latest survey for each country and apply the following simple regression model at the level of the
individual worker with AIOE as the independent variable:

Vtei = X,th,c,i T+ €t

Where i is worker i in year ¢ and country ¢, and y; . ; is the Al occupation exposure for that worker.
The matrix X has dimension n x p, where n refers to the number of workers and p to the variables.
The variables include 1-digit ISCO occupation information, sector, gender, region of residence,
employment status, age group, survey year, and country. All results use individual weights to
ensure country representativeness. Robust standard errors are clustered at the level of country (c)
and survey year (t), and all analyses are restricted to workers aged 15-64. The role of the regression
is to describe the descriptive relationship between the AIOE and the independent variables in a
multivariate framework. Its values are of a correlational nature and so is its interpretation.

For bivariate representations we divide the values of AIOE in quartiles with cuts at 23, 35, 51 and
82: “Low exposure”, “Moderate low exposure”, “Moderate high exposure”, “High exposure”. The
sample consists of 4 low-income countries, 12 lower-middle-income countries, 7 upper-middle-
income countries, and 2 high-income countries as per World Bank country income classifications.
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3. Stylized facts about Al in low-, middle-, and high-income
countries

3.1. One in two jobs is potentially affected by Al, varying by income and country

Our analysis examines the distribution of AI Occupation Exposure (AIOE) among different groups
and socio-demographic categories. Figure 1 provides a first insight into the overall AIOE
distribution for all countries in our sample and presents the values of selected occupations. Overall,
the AIOE is a normalized index ranging from 0 (no Al exposure) to 100 (high Al exposure). The
average value for all countries covered is 47.% On the left side of the distribution, with an AIOE
value of 10 are roofers where AIOE is likely to not play a major role in the near future. Compared
to this are customs and border inspectors (AIOE value 58) already experiencing a high exposure
to Al and it is assumed that the work of payroll clerks, who are on the right side of the distribution
with a value of 95, are highly exposed to Al and its development.

Figure 1: Al Occupation Exposure distribution for all countries

.03 Motor vehicle mechanics and repairers
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Kernel Density

o
—
1
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Customs a
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T
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Al Occupation Exposure

Note: Results are population weighted and include workers aged 15 to 64. For a list of the income category per country, survey
coverage and number of observations, please see Table 1 in the appendix. For country values for this category and other socio-
demographic characteristics see Table 2.

8 See Table 2 for the overall and country values for this and other socio-demographic characteristics used in this
analysis.
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Plotting the AIOE for low-, lower-middle-, upper-middle- and high-income countries on the basis
of the normalized AIOE rate confirms that high-income countries have by far the highest
occupational exposure to Al. The mean exposure in high-income countries is 63 (on the normalized
0 to 100 scale), followed by upper-middle, lower-middle and low-income countries with mean
exposure of 49, 44 and 37 respectively (Figure 2, upper figure). Further inspecting the distributions
of the Al occupation exposure measures demonstrates a distribution that is focused on the right
side, i.e. where higher AIOE values are, for high income countries, and a then wandering further
and further to the left for upper-middle income to lower-middle income countries before the
distribution is left-sided for low-income countries (Figure 2, lower figure). This suggests that the
potential for occupations and tasks to be enhanced by Al and related technologies is already higher
in high-income countries, while the potential is significantly lower in particularly low-income
countries.
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Figure 2: Al Occupational Exposure by Country Income Group

Al Occupational Exposure by Income Group, age 15-64
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Note: Results are population weighted and include workers aged 15 to 64. For a list of the income category per country, survey
coverage and number of observations, please see Table 1 in the appendix. For country values for this category and other socio-

demographic characteristics see Table 2.
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Plotting each country's AIOE against logged GNI per capita confirms the general trend for the
different income groups. Countries with a higher GNI per capita generally also have a higher
AIOE. However, the analysis also shows that some countries can have different AIOE despite
similar levels of logged GNI per capita. This is particularly the case for low and lower middle-
income countries, but also for high income countries (Figure 3). Consider the examples of Tanzania
and Mongolia, both lower middle-income countries: Tanzania has an AIOE of 39, the second
lowest in our sample. At the same time, Mongolia has an AIOE of 54, the third highest AIOE in
the sample (Table 2, Appendix). This documents significant differences between countries, even
within the same income group, in terms of the potential role that Al can play.

Figure 3: Al Occupational Exposure by GNI per capita

Al Occupational Exposure by GNI per capita (current US $)
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Note: Results are population weighted and include workers aged 15-64. For a list of the income category per country, survey coverage and number of observations,
please see Table 1 in the appendix.

We categorize the AIOE scores into four exposure levels (high, moderately high, moderately low
and low exposure) and analyze these across country income groups and sub-groups such as age,
gender, location and education. This provides additional distributional information besides the
average value of the AIOE for each country, unmasking heterogeneities on the country level.
(Figure 4).
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Figure 4: Al occupation exposure for the latest survey in each country
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Note: Results are population weighted and include workers aged 15 to 64. For a list of the income category per country, survey
coverage and number of observations, please see Table 1 in the appendix. For country values for this category and other socio-
demographic characteristics see Table 2.

3.2. The role of worker characteristics in determining Al occupational exposure

There is no clear difference in the age pattern across income groups. Younger workers, aged 15-
24, tend to have left school earlier and are not employed in occupations with Al exposure (Figure
5). This may be explained by the fact that workers who leave education at a very early age are
more likely to be employed in manual occupations.
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Figure 5: Al Exposure by Age and Country Income Level
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Note: Results are population weighted and include workers aged 15 to 64. For a list of the income category per country, survey
coverage and number of observations, please see Table 1 in the appendix. For country values for this category and other socio-
demographic characteristics see Table 2.

Both male and female workers in low-income countries have much lower average occupational
exposure to Al than those in LMIC, UMIC and HIC. At higher income levels, relatively more

women are affected by and exposed to Al, widening the gender gap. For example, the difference

is 9 points in HICs and 14 points in UMICs for the group of the highly exposed (Figure 6). A

country-level disaggregation for men and women shows similar patterns in almost all countries:

Women are more often highly exposed to Al their occupations in all countries.
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Figure 6: Al Exposure by Gender and Country Income Level
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coverage and number of observations, please see Table 1 in the appendix. For country values for this category and other socio-
demographic characteristics see Table 2.
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Urban workers are much more exposed to Al than rural workers. The biggest difference between
income groups is for workers in low-income countries: 62 percent of workers in rural areas of low-
income countries have low exposure to Al, compared with only 19 percent in urban areas of low-
income countries. The urban workers most exposed to Al are in high-income countries (Figure 7).

Figure 7: Al Exposure by Location and Country Income Level
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Note: Results are population weighted and include workers aged 15 to 64. For a list of the income category per country, survey
coverage and number of observations, please see Table 1 in the appendix. For country values for this category and other socio-
demographic characteristics see Table 2.

When analyzing the relationship between income group, exposure to Al in the workplace and
education, two patterns emerge: In all countries, the more educated workers are, the more likely
they are to be exposed to Al in their daily work. And exposure increases slightly with income level.
In low-income countries, around 80 percent of workers are exposed to Al in their jobs, rising to 82
percent in lower-middle-income countries, 91 percent in upper-middle-income countries and 90
percent in high-income countries. This is consistent with other research showing that better
educated workers are in jobs that are more likely to be affected by Al (Figure 8).
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Figure 8: Al Exposure by Education and Country Income Level
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Note: Results are population weighted and include workers aged 15 to 64. For a list of the income category per country, survey
coverage and number of observations, please see Table 1 in the appendix. For country values for this category and other socio-
demographic characteristics see Table 2.

3.3. The importance of job choice for Al occupational exposure around the world

High-skilled occupations are more exposed to Al than medium- and low-skilled occupations. The
ILO defines high-skilled occupations as ISCO categories for "Managers", "Professionals" and
"Technicians", low-skilled occupations as ISCO categories for "Elementary occupations" and all
other occupations as medium-skilled.” A comparison of skill levels and occupations with the AIOE
exposure categories shows that high-skilled workers are much more exposed to Al than medium-
skilled workers (Figure 9). Low-skilled workers, or those in elementary occupations, have very
low exposure to Al. This confirms the general notion that higher-skilled workers will be more
affected by the development of Al (e.g. Felten et al. 2021). Looking at the effects by sector, white
collar industries are most exposed to Al overall. This includes commerce, public administration,
and financial and business services. The least Al exposed occupations are in blue collar industries
such as construction or mining (Figure 12, Appendix).

° For a further explanation on the classification, see: International Standard Classification of Occupations (ISCO) -
ILOSTAT.
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Figure 9: Occupation share and Al exposure
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Note: Results are population weighted and include workers aged 15 to 64. For a list of the income category per country, survey
coverage and number of observations, please see Table 1 in the appendix. For country values for this category and other socio-
demographic characteristics see Table 2.

3.4. Occupation and industry sector are the strongest predictors of Al occupation
exposure

In addition to the bivariate analysis described in the previous section, we also estimate a
multivariate regression model that includes the same variables. This provides descriptive insights
into the relationship between all variables and AIOE.

The general trend is similar as to the bivariate results, but a few things stand out:

1) Working as a professional compared to working in elementary occupations increases
exposure to AIOE by 66 points for high income countries, 56 points for upper middle-
income countries, 60 points for lower middle-income countries and 56 points for low-
income countries. While the result is partly by construction, as the AIOE is constructed by
the different occupations, it nonetheless highlights how occupations are differentially
affected by Al at a more aggregated level, even after controlling for survey year, country
fixed effects and variables on economic structure and worker characteristics. Similar
results, although not as large and significant as for occupations, are found for economic
activities (Table 3, appendix).
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2) Overall, age appears to be related to exposure to Al occupations only in lower-middle and
high-income countries. This finding is consistent with Cazzaniga et al. (2024), who find
for a smaller set of five advanced and emerging countries that age differences between
workers do not follow a consistent pattern in their relative exposure. At the same time,
workers with post-secondary education are more exposed to Al than uneducated workers
in low- and upper-middle-income countries. Note that this is different from the bivariate
analysis (Figure 7), where post-secondary education was strongly associated with high
exposure to Al occupations. Thus, the introduction of other variables into the regression
framework suggests that there are other, likely correlated, variables that influence Al
occupation exposure. For example, better educated workers are also more likely to work
as professionals and therefore have a higher AIOE, but it is not education per se that is
driving high AI occupation exposure (see Table 3 in the appendix).

3) In terms of employment status, self-employment and unpaid work are significantly
associated with higher exposure to AI compared to paid work in low, lower-middle and
upper-middle income countries, according to the multivariate regression results (Table 3,
Appendix). This suggests a large difference in the task structure of self-employed compared
to paid workers, with the former having a higher potential for adopting Al technologies.
Gender and location differences play a smaller role in the multivariate results. Living in an
urban area is only significantly associated with higher AIOE in high-income and lower-
middle-income countries.

3.5. Lack of electricity infrastructure as a barrier to Al applications

In the previous analysis, we assumed that Al is ready for use in occupations. This assumption is in
line with previous analyses such as Felten et al. (2021, 2023). However, almost all of these analyses
are conducted in high-income countries, mostly in the US, where the infrastructural prerequisites
for AL, namely access to electricity, access to the internet and ownership of a smartphone/laptop,
are in place. This is not always the case in the developing world, where access to electricity,
Sustainable Development Goal 7, is lacking for around 760 million people, most of whom live in
Sub-Saharan Africa (IEA 2023). This figure rises to 1.2 billion if households with theoretical
access to electricity are included, meaning that the electricity is there but often not working,
unreliable or too expensive to use (Min et al. 2024). In terms of internet users, the World Bank
(2024) reports 5.3 billion internet users in 2022, with a world population of 8 billion. High- and
middle-income countries have made significant progress in recent years, but low-income countries
are lagging behind, with only one in four using the internet.

To shed light on access to electricity we included access to electricity at the household level in the
analysis, assuming that access to electricity at the household level is similar to access to electricity
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in the occupations in which workers work.!? For a better presentation, the high and medium high
exposure categories are grouped together as “higher exposure” and the low and medium low
exposure categories are grouped together as “lower exposure”. Overall, there are no differences
between high-income and upper-middle-income countries. However, this changes drastically for
low-income countries, where around 41 percent of occupations do not have access to electricity.
The figure is lower for lower-middle income countries, with 5 percent. (Figure 10).

Figure 10: Al Exposure by Electricity Access and Country Income Level
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Note: Results are population weighted and include workers aged 15 to 64. For a list of the income category per country, survey
coverage and number of observations, please see Table 1 in the appendix. For country values for this category and other socio-
demographic characteristics see Table 2.

When the results are further broken down into urban and rural areas, a clear and unsurprising
pattern emerges: Rural areas are much more likely to be without electricity. Rural occupations in
low-income countries report exposure to Al but no access to electricity for 51 percent of workers,
compared with 9 percent in urban areas in low-income countries. The trend is again smaller but

10 We did not have access to electricity as a question in all surveys. For the countries where we did not have this, we applied a
twofold approach: For the households in countries with a 100 percent electricity rate we simply added this information to the
dataset. Households in countries with a lower official electricity access rate underwent a rigorous imputation approach, in which
countries in the same region and same income category were used as benchmark countries. Following a regression approach,
we then imputed the electricity access level at the household level with location, industry sector of work and education as

independent variables.
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similar for lower middle-income countries (Figure 11). Bearing in mind that there is a significant
number of households that have access to electricity but cannot use it for various reasons, also
more likely in rural areas, our results can be interpreted as an upper bound.

Figure 11: Al Exposure by Electricity Access, Location and Country Income Level

Al Exposure by Electricity Access, Location and Country Income Level

1004
80
= .
[} Higher Exposure
2 I Electricity
W 60 Higher Exposure
2 B [ Electrivity
w
o Lower Exposure
% - Electricity
w404 Lower Exposure
= - No Electricity
<
20
0_
Rural Urban Rural Urban Rural Urban Rural Urban
High Income Upper-middle  Lower-middle Low Income
Income Income
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demographic characteristics see Table 2.
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4. Conclusion

This paper discusses the potential of artificial intelligence for the next generation of work. While
most previous economic research has focused on high-income countries, this is one of the first
papers to look specifically at middle- and low-income countries. The analysis applies information
from the Al occupation exposure index developed by Felten et al. (2021) to a harmonized set of
representative labor force surveys for 25 countries across income groups. The total sample contains
about 3 million observations and represents a population of 3.5 billion people. The results show
that substantial disparities persist across income groups: High-income countries have the highest
exposure to Al, with more than one in two workers exposed, 62 percent. This is followed by upper-
middle-income countries with an exposure level of 49, lower-middle-income countries with 44,
and low-income countries with lower exposure levels of 37. The persistent gap underscores the
uneven global distribution of the potential benefits and challenges of Al. The result suggests
heterogeneity in the impact of Al on labor markets across national contexts, which may have
important policy implications.

The multivariate analysis of worker characteristics on occupational exposure to Al underlines the
need for a more nuanced perspective across income levels: Education has a pronounced effect in
lower- and upper-middle-income countries. This suggests that better educated individuals in these
regions may be able to adopt or adapt more quickly to Al-induced changes in the labor market.
Gender differences in Al exposure exist and are particularly pronounced in middle-income
countries. Urban workers are generally more exposed to Al than rural workers, emphasizing the
role of urbanization and occupational choice for a possible effect of Al technologies on
employment, productivity, and earnings. We find further support for the idea that advances in Al
will disproportionately affect professionals and technicians compared to those in elementary
occupations. This notion is also supported by a sectoral analysis, which shows that white-collar
industries are more exposed to Al, especially in low- to upper-middle-income countries, while
blue-collar industries are less exposed.

Often, analyses build on Al approaches without considering the needed infrastructure. We find that
workers in low-income countries, and particularly in rural areas, do not have access to electricity,
a prerequisite to any Al development. This needs to be considered in any future Al policy response.
Households in low-income countries and in rural areas are often at the very last end of development
and instead of bridging the gap, Al has the potential to even further exacerbate the gap between
rural and urban areas, but also between low income and other income countries.

Overall, these findings underscore the importance of tailored policy responses to manage the
impact of Al on the workforce. The labor market structure in low- and middle-income countries
calls for a different policy response to the recent Al advancements than in high-income countries.
The observed within-group differences further suggest more nuanced, country-specific strategies
to effectively harness the productive potential of Al while mitigating its risks. The results in this
paper can act as an early baseline to start a discussion on Al investments and opportunities in low-
and middle-income countries.
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Our results suggest that fears that Al will generate large labor-market disruptions in many LMICs
may be exaggerated, at least in the near term. They are compatible with the view of Bjorkegren
(2023) that the more immediate impact of Al in low- and middle-income countries may be an
improvement in access to higher quality services, particularly in health and education. An Al
strategy that lifts the economic opportunities and mitigates downside risks on employment and
incomes needs information on the possible effects of Al in these countries.
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Appendix

Country, survey, and sample size overview

Table 2: Sample information

Country Name
Bangladesh
Bolivia

Brazil

Chile

Egypt, Arab Rep.
Ethiopia
Gambia, The
Georgia
India
Indonesia
Mexico
Mongolia
Nepal
Pakistan
Philippines
Rwanda
Sierra Leone
South Africa
Sri Lanka
Tanzania
Thailand
Tiirkiye
United States
Zambia
Zimbabwe

Income Level

Lower middle income
Lower middle income
Upper middle income
High income

Lower middle income
Low income

Low income

Upper middle income
Lower middle income
Upper middle income
Upper middle income
Lower middle income
Lower middle income
Lower middle income
Lower middle income
Low income

Low income

Upper middle income
Lower middle income
Lower middle income
Upper middle income
Upper middle income
High income

Lower middle income
Lower middle income

Year of Survey

2016
2021
2022
2017
2019
2021
2023
2022
2022
2015
2020
2022
2017
2020
2022
2021
2014
2020
2021
2020
2021
2019
2018
2022
2022

Sample Size

181,415
113,136
162,694
91,679
84,260
68,462
15,212
26,016
163,939
332,697
181,922
20,574
16,727
168,521
691,262
19,001
7,650
49,306
28,881
28,461
115,614
161,300
42,733
7,501
66,112
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Additional figures

Figure 12: Al occupation exposure for the 2- and 4- digit occupation codes

Al occupation exposure information detail for 2 digit and 4 digit ISCO codes
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Figure 13: Al exposure and industry sector
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Figure 14: Al Occupation Exposure Density by Country
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Table 3: Summary statistics on AIOE for socio-economic characteristics

Al Occupation Exposure

Post- Age Age Age

Country No Primary Secondary secondary 15- 25- 35-
Name Average Female Male Rural Urban Education Education Education Education 24 34 64
Bangladesh 43 39 44 41 48 36 40 50 68 42 43 43
Bolivia 50 55 46 41 54 43 42 46 62 47 52 51
Brazil 53 59 49 40 55 37 38 51 76 53 56 52
Chile 53 58 49 42 55 38 38 a7 70 49 57 52
Egypt, Arab

Rep. 51 63 48 46 57 41 39 48 75 40 49 54
Ethiopia 36 37 35 31 53 30 33 41 67 33 39 35
Gambia, The 53 56 50 46 57 51 49 55 74 45 54 56
Georgia 56 62 51 47 61 35 41 45 71 56 59 55
India 43 40 44 38 55 33 37 45 68 41 45 42
Indonesia 45 49 43 36 52 32 37 50 76 44 a7 44
Mexico 50 56 47 40 53 35 40 52 72 45 53 50
Mongolia 54 58 50 45 58 38 39 45 61 52 58 52
Nepal 49 49 48 44 51 38 41 52 72 45 51 49
Pakistan 44 41 45 40 53 35 43 58 79 41 45 45
Philippines 48 55 43 44 52 35 40 42 64 44 52 48
Rwanda 39 39 39 35 50 30 33 41 68 32 40 42
Sierra Leone 51 56 46 46 68 48 55 64 81 49 52 52
South Africa 52 55 50 45 55 38 41 54 74 48 52 53
Sri Lanka 48 52 46 46 60 34 38 57 85 46 54 47
Tanzania 39 40 38 37 44 36 38 44 66 38 40 39
Thailand 48 51 45 43 53 33 39 a7 69 44 51 47
Turkiye 52 54 51 N/A N/A 37 39 48 74 48 57 50
United States 62 65 59 56 63 41 33 49 70 51 62 64
Zambia 54 59 50 44 59 48 48 55 76 46 55 55
Zimbabwe 51 57 46 45 56 N/A N/A N/A N/A 43 50 54
Overall Mean a7 49 46 39 55 34 38 48 70 43 49 47

Note: Results are population weighted and include workers aged 15 to 64



Table 4: AIOE regression output

High Income Upper-middle Income Lower-middle Income Low Income
Elementary occupations Base Base Base Base
Professionals 66.28** 56.27*** 59.63*** 56.34%**
(36.61) (22.66) (77.39) (22.66)
Technicians 53.62%** 39.71%** 39.65%** 37.34%**
(29.62) (11.95) (29.39) (25.32)
Clerks 52.94** 50.43*** 52.40%** 46.23***
(42.42) (9.29) (41.91) (31.18)
Service and market sales
workers 36.05** 21.92%* 25.29%** 21.84%**
(19.57) (3.55) (24.67) (5.87)
Skilled agricultural 22.83 11.48*** 4.039** -5.570***
(2.71) (6.53) (2.91) (-22.82)
Craft workers 20.88 4.083 6.219%** 7.611
(6.24) (1.12) (8.17) (1.01)
Machine operators 23.26* 8.303* 10.06*** 6.451*
(9.95) (2.15) (12.83) (2.44)
Managers 62.62** 49.86*** 51.26%** 49.46%**
(26.17) (12.12) (25.14) (18.74)
Agriculture Base Base Base Base
Mining 6.305 3.084 -2.952%** -4.697
(0.78) (0.94) (-2.87) (-1.65)
Manufacturing 6.809 9.010 -0.600 0.875
(1.02) (1.712) (-0.38) (0.19)
Public utilities 7.603 10.87** 1.639 6.291%**
(1.22) (2.80) (1.70) (3.92)
Construction 7.668 1.002 -5.899*** -0.113
(0.97) (0.19) (-6.34) (-0.13)
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Commerce

Transport and Communications

Financial and Business Services

Public Administration

Other Services

15-24

25-34

35-64

Female

Male

Rural

Urban

No education

Primary

Secondary

Post-secondary

8.108
(1.28)
7.484
(1.18)
12.52
(1.79)
6.322
(0.98)
1.274
(0.19)
Base

1.682**
(19.10)
3.614**
(31.18)
Base

-2.520%**
(-49.21)
Base

0.960**
(57.85)
Base

-0.800
(-0.81)
-0.245
(-0.30)
3.241
(3.57)

17.01*
(2.04)
12.74*
(2.49)
11.70*
(2.04)
10.91*
(2.20)
4.475
(0.88)
Base

0.121
(0.43)
0.272
(1.04)
Base

-0.478%**
(-5.48)
Base

-0.310
(-1.124)
Base

0.197
(0.44)
0.577
(1.55)
3.750%**
(5.76)

8.305***
(5.58)

4. 454***
(3.61)
4.251*%*
(3.37)
1.153
(0.84)
-3.788**
(-2.82)
Base

0.173**
(2.93)
0.241**
(3.09)
Base

-0.123
(-0.91)
Base

0.363***
(3.32)
Base

0.249
(1.30)
0.0924
(0.38)
1.767%**
(5.05)

17.24%**
(8.12)
10.42**
(3.90)
9.439*
(2.81)
5.327%*
(2.84)
3.980
(1.31)
Base

0.379
(1.36)
0.719
(0.93)
Base

0.176
(0.24)
Base

-0.0351
(-0.05)
Base

-0.246
(-0.26)
-0.287
(-0.30)
0.975
(1.61)
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Paid employee Base Base Base Base
Non-paid employee 4.704* 2.038** 3.209*** 4.817***
(12.46) (3.44) (4.94) (18.61)
Employer -3.701 2.822%* 1.550 4.898**
(-2.67) (2.99) (1.09) (5.75)
Self-employed -1.357 5.191*** 4.075%** 6.913***
(-1.21) (11.07) (6.24) (32.86)
Other worker -3.842 1.963*** 4.099**
(-1.32) (3.93) (4.60)
Country Dummies Yes Yes Yes Yes
Survey Dummies Yes Yes Yes Yes
Constant 10.50 18.65*** 26.46%** 24.19%**
(1.26) (6.56) (30.59) (19.99)
Observations 123780 814562 1269224 82189
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