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Abstract

We document near-exponential growth in the demand for artificial intelligence
(AI)-related skills in India’s services sector from 2015 to 2019, using a dataset of
online vacancies from its largest jobs website. We evaluate the impact of demand
for Al skills on establishment-level non-Al postings, using a shift-share design that
exploits variation in exposure to new Al inventions. We find that Al adoption
significantly reduces growth in non-Al posting volumes, particularly for highly
skilled managerial and professional occupations, non-routine work, and analytical
and communication tasks. Al adoption also reduces non-Al wage offers on average,
reflecting changes in the composition of labor demand rather than declining wage

offers within occupations.
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1 Introduction

Rapid advances in arti cial intelligence (Al) have spurred an intense debate about its labor
market consequences.Online job adverts show that demand for Al-related skills grew
almost exponentially and concurrently in several countries around the world from 2015 to
2019 (Figure 1.1% Yet detailed empirical evidence on the extent of Al deployment and
its distributional impacts in developing countries remains scarce. The uses and impacts of
Al need not be the same in developing countries as in high-income economies, and Al
could have important implications for development pathways. Consider two examples:
machine translation (between languages) and machine transcription (from handwriting to
digital text). Improvements in the former could reduce barriers to exporting services and
increase employment in developing countries (Brynjolfsson et al. 2019, Baldwin & Forslid
2020), while improvements in the latter could incentivize outsourcing rms in developing
countries to shrink their workforce through automation. Understanding the net impact
of such technologies on employment opportunities is therefore important for developing
countries considering whether to promote a services-led development model.

In this paper, we shed light on the labor market impacts of Al in India { the archetyp-
ical pioneer of a services-led development model. We investigate these e ects in the
predominantly urban, higher-skilled services sector using a new dataset of online job
adverts posted from 2010 to 2019 on India's largest jobs platform, which hosts an esti-
mated 60 percent of the country's online vacancies. Our analysis focuses on the wave
of machine learning innovation in the 2010s|based on the combination of deep neural
networks and graphics processing units (e.g., Krizhevsky et al. 2012)|that preceded
the latest developments in generative Al, such as large language modeBollowing a
growing literature including Rock (2019) and Acemoglu et al. (2022), we use the demand
for Al-related skills, observed in the text of posted job descriptions, as a proxy for Al
deployment.

Given the scarcity of evidence on adoption of Al in developing countries, we rst
provide four stylized facts on the demand for Al-related skills (hereafter "Al demand')
in India using the job adverts data. First, we observe a rapid take-o in the rate of Al

1To x de nitions, we consider arti cial intelligence (Al) “the theory and development of computer
systems able to perform tasks normally requiring human intelligence, such as visual perception, speech
recognition, decision-making, and translation between languages' (Oxford English Dictionary 2020).
Machine learning, the sub- eld responsible for many of the recent commercial applications of Al, comprises
“the statistical techniques that enable computers and algorithms to learn, predict and perform tasks from
large amounts of data without being explicitly programmed' (Acemoglu & Restrepo 2019). We henceforth
use “Al' as an umbrella term encompassing machine learning.

2While online job postings in di erent countries and from di erent data providers may not be directly
comparable, we see a sharp and simultaneous increase in Al-related postings in all cases.

3For reference, ChatGPT was launched in 2022. Applications of the technology that we study in this
paper include recommendation engines (e.g., embedded in television or music streaming services), image
recognition (e.g., automated photo tagging), fraud detection, risk scoring, spam lItering, and machine
translation. For a detailed discussion, see Klinger et al. (2018).



Figure 1.1: Al share of online job postings, by country

Notes: This graph shows the share of all online vacancies { across all sectors { that specify particular Al skills, with these
skills de ned as described in Section 2.2. Data for India is that used in this paper; data for all other countries is from

Lightcast, which does not cover India.

demand after 2015, rising from 0.37 percent of all job postings that year to 1.03 percent
in 2019, with take-up particularly pronounced in the IT, nance and business process
outsourcing (BPO) industries. This growth coincides with the take-o in developed
countries and re ects an increase in demand for speci ¢ "deep learning' skills. Demand for
Al skills is largely driven by technical roles such as software development, but there is also
substantial demand for Al skills in generalist and managerial roles. Second, Al roles are
heavily concentrated in the largest rms and a few key technology clusters { particularly
Bengaluru, Mumbai, Hyderabad, Pune, Chennai and Delhi { similar to patterns observed
in the USA by Babina et al. (2024) and McElheran et al. (2024). Third, adverts for
Al roles tend to feature more verbs associated with complex, creative, and data-driven
tasks. Fourth, Al roles tend to require substantially more education, particularly graduate
degrees, while also paying signi cantly higher wages. Even after controlling for a host of
xed e ects, posts demanding Al skills still pay a 13-17 percent salary premium, which is
similar to the 11 percent estimate found in the USA (Alekseeva et al. 2020).

We then investigate the impact of this Al adoption on demand for non-Al labor at the
establishment level. In theory, the impact is ambiguous. Advances in machine learning
have been conceptualized as reducing the cost, or improving the quality, of the task of
“prediction’, which is prevalent in many occupations (Agrawal et al. 2018).While this

“For example, a back o ce employee of a multinational bank takes the scrawled handwriting on a
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suggests displacement of labor, such improvements could also expand labor demand by
reducing costs or increasing the quality of production and hence raising productivity
(Webb 2020, Acemoglu et al. 2022, Acemoglu 2024). In addition, Al could create new tasks,
spawn further innovation, or incentivize changes in organisational structure (Brynjolfsson

et al. 2017, Cockburn et al. 2018, Klinger et al. 2018, Goldfarb et al. 2023, Agrawal et al.
2024). Finally, Al could reduce barriers to services trade, potentially expanding the set of
tasks that are outsourced (Brynjolfsson et al. 2019, Baldwin & Forslid 2020).

To measure the net impact empirically, we use a long di erence and shift-share
instrumental variables strategy, examining how Al adoption relates to growth in Al
and non-Al job postings and wage o ers between 2010-12 and 2017-19. Al adoption
is measured as the year in which an establishment (de ned as a rm-city pair) rst
posts an Al vacancy. We focus on mature ‘incumbent' establishments that posted on
the platform at both baseline and endline, allowing us to observe their labor demand
before and after the mid-decade surge in Al adoption. To focus on Al usage rather
than Al production, we exclude Al-producing industries, as in Acemoglu et al. (2022).
We exploit plausibly exogenous variation in rms'ex ante exposure to advances in Al
to account for unobservable di erences between Al and non-Al adopters. Speci cally,
we rst measure the extent to which the workforce in 2010-12 within establishments
performed tasks later automatable by Al, using the occupation-level metric developed by
Webb (2020) that assesses overlap between job tasks and patented Al capabilities. We
then create a shift-share instrument for Al adoption by combining these occupational Al
“shocks' with establishment-level occupation vacancy shares at baseline. This instrument
assumes that, within cells of similar establishments formed by our granular xed e ects,
those more exposed to Al-automatable tasks are more likely to adopt Al, independent of
other characteristics® Our rst stage results con rm higher Al adoption in more exposed
establishments. We presengx antearguments (as described in Borusyak, Hull & Jaravel
2021) andex postrobustness tests (following Goldsmith-Pinkham et al. 2020) in support
of our instrument's validity.

Overall, we nd a signi cant negative impact of Al adoption on establishment-level
labor demand. A one percentage point increase in the probability of an establishment
adopting Al between 2010-12 and 2017-19 { which corresponds to approximately one
standard deviation higherex ante exposure { results in an 8.1 percentage point reduction
in the growth of non-Al vacancy postings. The e ect on total vacancies (including Al
vacancies) is similarly substantial, with a 7.8 percentage point decrease. The small

mortgage application form as a visual input and generates a typed applicant name as predicted output.
5Speci cally, we drop IT services and the education sector, re ecting that these industries produce
the vast majority of Al patents and Al research (Klinger et al. 2020, Chahal et al. 2021).
60ur empirical strategy is therefore similar to that of Acemoglu et al. (2022) except that we use a
2SLS instrumental variables strategy, with the instrument as the shift-share exposure measure and the
variable being instrumented for as the growth in the Al share of job postings.



di erence between these two numbers indicates that the growth in vacancies constituted
by new Al posts is far outweighed by the displacement e ect in the much larger set of
non-Al vacancies. These e ects are also substantial when compared to the median growth
in postings of 24.9 percent over the same period.

To better understand the mechanisms driving these e ects and identify which types
of jobs and tasks are most impacted by Al adoption, we analyze the heterogeneous
impacts across occupations, skill requirements, and tasks. First, examining the impact on
establishments' vacancy composition by occupation group, we nd a substantial reduction
in higher-skilled professional and managerial occupations, notably engineering professionals
and general and corporate managers. Second, using the classi cation of Acemoglu &
Autor (2011), we nd that Al demand lowers demand for occupations that are typically
non-routine task intensive. This contrasts with previous recent waves of technological
change that primarily lowered demand for routine tasks. Importantly, this negative impact
on non-routine task-intensive occupations persists within the a ected managerial and
professional occupation groupings. We nd similar negative impacts on “abstract' task
intensity, as de ned in Autor & Dorn (2013), both within and between occupation groups.

We also leverage the richness of our text data to generate a more granular and
exible measure of task content following Michaels et al. (2018). We count verbs in job
descriptions and classify them according to meaning using Roget's Thesaurus, and nd
that Al adoption reduces demand for verbs related to “intellectual faculties'. In particular,
there is a reduction in the frequency of verbs related to: “precursory conditions' (such as
investigate, scrutinize, research, explore, examine); “extension of thought' (such as predict,
forecast, anticipate, memorize, recall); and those related to "'means of communicating
ideas' (such as narrate or describe). Such verbs align closely with the capabilities of new
machine learning algorithms, suggesting that Al technologies are reducing the need for
human labor in tasks involving analysis, prediction, and complex communication.

How does this displacement a ect wage o ers for new hires? We estimate that a one
percentage point increase in the probability of an establishment adopting Al between 2010-
12 and 2017-19 reduces the growth rate of median non-Al wage o ers by 5.5 percentage
points, and that of all wage o ers by 5.3 percentage points. This is driven almost entirely
by a composition e ect across occupations: when controlling for occupation shares, we do
not see statistically signi cant reductions across the wage o er distribution. Our ndings
thus suggest that Al adoption reduced the availability of relatively high-wage managerial
and professional occupations within incumbent Indian services rms.

We also explore impacts using alternative Al exposure measures. A rst stage using
the measure of Felten et al. (2018), which is based on technical Al capability benchmarks
as measured by the Electronic Frontier Foundation, also shows higher Al adoption in
more exposed establishments, although the rst stage is weaker in most speci cations.
This could re ect that patented Al inventions provide a stronger signal of the types of
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Al adoption in a developing country context than do technical benchmarks. Using this
measure we nd similar wage and occupational composition impacts, although do not nd
a signi cant e ect on non-Al or overall vacancy growth. This could re ect the di erent
elements of Al exposure these di erent measures pick up. The Webb measure scores higher
for tasks relating to prediction, classi cation and pattern detection, while the measure of
Felten et al. (2018) scores higher for abstract reasoning, comprehension and perception.
Displacement e ects of Al therefore may be felt primarily through Al automation for
prediction, classi cation and pattern detection tasks rather than for automation of broader
cognitive work.

Finally, we investigate wider e ects of Al adoption by aggregating across establishments,
rst within rms and then within districts. ’ At the rm level, we again nd signi cant
negative impacts of Al adoption on labor demand and wage o ers. However, when
aggregating instead to the district level, we do not detect a signi cant overall impact of
Al adoption. A relatively small share of establishments adopted Al within our sample
period; thus, it is likely that the impacts were not yet large enough to be observable at
this broader geographic scale.

Taken together, our results suggest that the demand for Al-related skills has already
had important e ects on Indian service-sector establishments and rms, altering the
distribution of labor demand and wage o ers across occupations and tasks. Despite
limited district-level e ects by 2019, the wider economic implications of Al adoption are
likely to grow as usage of the technology di uses further throughout the economy.

Related literature: Our primary contribution is to the nascent literature on the
impacts of Al on developing countries. To date, this has been primarily theoretical due to
the scarcity of data on Al adoption in developing countries. Baldwin (2019) and Baldwin
& Forslid (2020) have conjectured that machine learning, along with online platforms
and software robots, could bene t developing countries by facilitating the o shoring of
white-collar services. In contrast, Korinek & Stiglitz (2021) take an alternative view that
developing countries will be negatively a ected, because Al devalues their comparative
advantage in lower-cost labor and natural resources. To the best of our knowledge, we are
the rst to use data on Al deployment in a developing country to provide causal evidence
on such hypothese&. Our evidence provides partial support for both perspectives. On
one hand, we document rapid increases in labor demand for Al skills in India, particularly
in the IT and nancial services sectors, consistent with the upskilling of existing o shored

"Firms are national in our dataset, so this corresponds to collapsing the cross-geography and cross- rm
dimensions of our data.

8Notably, Brynjolfsson et al. (2019) provide evidence on the causal impact of Al on US-Latin America
trade using evidence from Al deployment on eBay, a multinational e-commerce platform. Several other
studies provide descriptive evidence on Al exposure, as opposed to observed Al adoption, using data on
the cross-sectional distribution of occupations (e.g., Pizzinelli et al. 2023, Gmyrek et al. 2023). Alonso
et al. (2022) consider the impact of automation technologies, broadly de ned, on developing countries,
using data on industrial robots.



white-collar services functions. On the other hand, we nd a signi cant negative impact
of Al deployment on non-Al labor demand and wages within establishments and rms,
consistent with labor displacement. More broadly, our ndings showing that these
negative impacts are concentrated in relatively highly skilled managerial and professional
occupations align with concerns about the potential for services-led growth to generate
good jobs in a world where advances in Al enable the automation of an increasing share
of service sector tasks.

We also contribute to the broader literatures on Al di usion and its consequences.
First, we o er new insights on the di usion of Al skills in the important context of India.

In contrast to evidence on slow di usion within countries (e.g., Bloom et al. 2024), as well
as theories of slow di usion to low-income countries (e.g., Benhabib & Spiegel 2005), we
nd that growth in the demand for Al skills within India has been remarkably similar to,
and even faster than, that documented in some high-income economies, highlighting the
rapid global di usion of Al capabilities. At the same time, we also nd a high degree of
clustering, with our nding that Al hiring is highly concentrated within a small number of
rms and tech hubs aligning with patterns of di usion in the US documented by Babina
et al. (2024) and McElheran et al. (2024).

Turning to the impacts of Al, we nd similarities and di erences to ndings in high-
income economies. Although India has a di erent labor market structure to high-income
countries, our ndings of negative within-establishment e ects of Al on labor demand echo
those of Grennan & Michaely (2020) and Acemoglu et al. (2022) in the US. Our ndings
that these negative e ects are driven by higher-skilled occupations and analytical tasks are
also consistent with Grennan & Michaely (2020) and Webb (2020). Yet they contrast with
the results of Acemoglu et al. (2022) who nd that Al exposure predictscreaseddemand
for skill groups relating to engineering, analysis, marketing, nance and IT in the US. Our
ndings highlight the potentially nuanced impacts of Al across contexts, with occupation-
level impacts di ering in India despite similar establishment-level displacement e ects.
Our evidence that Al negatively a ects non-routine task-intensive occupations also stands
in contrast to ndings for previous waves of technological change, e.g. computerization,
that lowered demand for routine task-intensive occupations (for instance, Autor et al.
2003, Goos & Manning 2007, Goos et al. 201%).

Finally, we add granularity to the existing literature on the labor demand impacts of
Al by leveraging the rich data available on our partner's platform. Building on Michaels
et al. (2018), who study the historic occupational distribution in the US, we use the
speci ¢ verbs in job descriptions to show how Al disproportionately displaces particular
tasks, such as forecasting and prediction. In contrast to commonly used platforms in

9This nding that the pattern of impact of machine learning is very di erent to previous waves is also
consistent with emerging evidence on the impacts of generative Al (e.g., Brynjolfsson et al. (2023), Noy
& Zhang (2023)).



high-income economies, where wage o er information is missing for the majority of posts
(Batra et al. 2023), our dataset also includes detailed information on wage o ers allowing
us to investigate the implications of Al adoption for wage o ers. In doing so, we also
contribute to the growing literature that uses online vacancy postings to explore labor
market e ects (e.g. Deming & Kahn 2018, Adams et al. 2020, Javorcik et al. 2020, Babina
et al. 2023, 2024).

The rest of this paper proceeds as follows. Section 2 introduces the data, and Section
3 presents detailed descriptives on Al demand in the Indian services sector. Section 4 lays
out our empirical strategy, and Section 5 presents our main ndings on the impact of Al
adoption in hiring on non-Al labor demand and wage o ers. Section 6 provides several
robustness checks and extensions, including exploring e ects beyond the establishment
level. Section 7 concludes. The online appendix provides further detail on the construction
of our dataset, as well as additional results and robustness checks.

2 Data

2.1 Vacancy data
Our primary dataset is a random sample of 80 percent of job vacancies posted on India's
largest online job platform between 2010 and 2019.Firms primarily advertise on the
platform and conduct subsequent recruitment and hiring o ine. The platform estimates a
60 percent market share of Indian online job vacancies in 2020. We focus on the services
sector, for which the data is most representative of overall job vacancies, dropping posts
from the manufacturing and agriculture sectors. Our dataset includes 15.5 million service
sector job postings { an average of 1.5 million per year { skewed towards later years. This
compares to an estimated 19 million people formally employed in the service sector in
India in 2021, according to the Ministry of Labor and Employment (Labour Bureau 2021).
Firms submitting job vacancies on the platform are required to use a standardized
template. Hence, all posts include information on the job title, industry, role category,
location, skills required, salary and experience ranges and educational requirements. The
job postings also feature an open text section for the job description, exclusively in
English as they are within the formal services sector. We manually map industries and
occupations into the National Industrial Classi cation (NIC) at the two-digit level and
National Classi cation of Occupations (NCO) at the four-digit level, covering 99 percent
of all vacancies. We also harmonise city names and add geolocations, separating out
overseas job postings. Using the geolocations, we match cities to districts using the 2011
census. We focus on full-time jobs, which make up 96 percent of the sample, and drop
the small number of part-time and non-permanent positions.
Table 2.1 provides key descriptives for our main sample separately for all jobs and for

0The company requested to remain undisclosed.



Al jobs only. As with all causal analysis in the paper, we focus on "Al-using' industries
and only on establishments posting vacancies both in the baseline (2010-2012) and endline
(2017-2019). While 36% of all vacancies across the baseline and endline were posted in the
baseline, the same share is only 2.6% for Al jobs, re ecting their growth between periods.
While 21% of all vacancies are in Banking and Financial Services, 71% of Al vacancies
are situated in this industry. Similarly, only 2% of overall vacancies are for computer
programmers, but 16% of Al vacancies are for this occupation. Finally, Al vacancies
require on average more work experience and pay substantially higher average wages.

Table 2.1: Key descriptives of vacancy data, all jobs and Al jobs only

All Jobs Al Jobs

# Job Posts 1,902,969 16,827
% Posts in Baseline (2010-2012) 36 2.6
# Establishments 24,485 944
Mean # Posts Per Establishment 78 18

# Firms 5,605 525

# Cities 442 32

% Posts in Top 5 Cities 64 92

# Industries (NIC 2008 features 86) 29 24
% Posts in BPO and Call Centres 25 5
% Posts in Banking and Financial Services 21 71
# 4-digit Occupations (NCO 2004 features 96) 94 49
% Posts for Computer Programmers 2 16
% Posts for Business Professionals 22 12
% Posts for Accountants 7 2
Mean Required Work Experience, Years 1.86 2.2
Mean Annual Salary, Rupees 167,000 389,000

Notes: This table shows descriptives for the restricted sample, which includes only establishments that post vacancies in
both the baseline (2010-2012) and endline (2017-2019), and only posts from these years and in service sector, Al-using (not
producing) industries. These are thus the vacancy posts underlying our data set for the main regressions. The number of
industries in our data is smaller than the total number of NIC industries. These are 2-digit industries, called divisions in

the NIC 2008. The 86 divisions include manufacturing, agriculture, and mining, whereas we only include the services sector.

Our dataset has several advantages relative to administrative datasets. First, and most
importantly, we can directly observe demand for Al skills in the text of job descriptions.
In contrast, national surveys during the period (speci cally, the National Sample Survey in
2011-12 and the Periodic Labour Force Survey in 2017-18) only record broad occupational
categories, which are insu cient to identify the use of Al skills* Similarly, rm-level
datasets such as Prowess only include variables commonly reported in periodic nancial
statements, which are insu ciently granular to identify speci c Al-related investment.
Second, our vacancy dataset has broader coverage, with more than two million services
vacancies in 2018, from 40,000 unique rms, compared to 12,000 workers surveyed in
the 2017-18 Periodic Labour Force Survey and 2,000 rms recorded in Prowess (see
Online Appendix A.2 for details). Lastly, our data are at a higher frequency than the

1 For instance, the closest categories to a machine learning engineer in the National Occupational
Classi cation are the broad codes 2132 { Computer Programmers' and 3122 { Computer Assistants'.
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representative sample surveys, which only took place in 2011-12 and 2017-18 and so
can provide only limited insight into employment dynamics in the Indian services sector
around the rapid take-o in Al demand from 2015

However, the richness of the vacancy data comes with shortcomings, notably that online
vacancies are not representative of all vacancies and only proxy for rm hiring behaviour.
Broadly speaking, our vacancy data best represents urban, service sector jobs, with a
greater representation of the IT & BPO, Finance, Insurance and Real Estate, Professional
and Business Services industries relative to administrative datasets. We provide a detailed
overview of the coverage and representativeness of the data in Online Appendix A.2,
where we benchmark the vacancy data relative to nationally-representative labor surveys
and rm-level data from Prowess. Vacancies are disproportionately concentrated in urban
centres, but at least one post appears for nearly every district in Indi&. Although the
share of formal jobs is lower in India than in high-income economies, we nd a ratio of
0.08 of annual average job postings to total formal employment. This is similar to the
ratio of 0.09 for annual US job postings from Burning Glass Technologies relative to total
US employment from 2010-2018 (Acemoglu et al. 2022).

2.2 Measuring Al demand

Despite the prominence of Al in popular discussion, rm-level data on Al adoption remains
scarce (Raj & Seamans 2018). In the absence of more granular data, a growing body of
work uses technology-related human capital to proxy for technology adoptidfh.Human
capital is a key input for deploying Al systems and the scarcity of skilled Al professionals is
well recognized as a primary obstacle to widespread adoption of Al, with top-tier scientists
earning extremely high salaries and frequently being bought out of academic positions. A
global survey of around 2,000 companies by McKinsey Global Institute (2019) found that
the primary method for sourcing Al talent and capabilities was external hiring. Most
companies build their Al capabilities in house rather than buying or licensing capabilities
from large technology companies. Even when rms subcontract Al services, they typically
require some in-house Al-related human capital to oversee and manage the process. We
therefore follow this emerging literature in using the demand for Al skills as a proxy for
the extent of Al adoption within rms, assuming the two are positively correlated.

Online job vacancy data are well suited to the measurement of demand for very speci c
technology-related human capital owing to the detailed text data on the skills demanded
for speci c roles. To measure rm demand for Al skills, we classify job postings based
on the text in the job description or skills requirements. Our main classi cation is the

125peci cally, we receive daily data, which we aggregate to an annual frequency in our regressions.

13The full geographic distribution of posts is shown in Online Appendix Figure A.1.

4 For example, Rock (2019) and Benzell et al. (2019) use LinkedIn pro les to construct rm-level
measures of engineering and IT talent, while Harrigan et al. (2020) use the rm-level employment share
of “technology workers' in French matched worker- rm data as a measure of technology adoption. Tre er
& Sun (2022) build a measure of Al deployment for mobile apps.



‘narrow' measure employed by Acemoglu et al. (2022), which categorises a post as an Al
vacancy if it includes any word from a list of speci ¢ Al terms!® By using this narrow
measure of Al skills, we reduce measurement error, although our estimates of demand for
Al skills are likely to be a lower bound of the true level of adoption.

2.3 Verb categorisation

To shed light on the tasks that accompany Al-related skills, we follow Michaels et al. (2018)

in using verbs mentioned in the text of job adverts as a proxy for task demand. We use the
same list of 1,665 English verbs and the meaning of verbs from Roget's Thesaurus, which
classi es words according to their underlying concepts and meanings. The Thesaurus is
organized into 6 classes and 38 sections. The 6 classes are: Abstract Relations (ideas such
as number, order and time); Space (movement, shapes and sizes); Matter (the physical
world and human perception of it); Intellect (the human mind); Volition (the human will);

and Emotion, Religion, and Morality.

3 Descriptives

Given the dearth of evidence on the adoption of Al in developing countries, this section
presents four descriptive ndings from our job postings data, documenting the trends
in and composition of posts listing Al skills in the services sector in India. Here, and
throughout the paper, we focus on non-remote, full-time and permanent jobs, which make
up 96 percent of the sample.

1. Al demand increased rapidly after 2015, with highest demand for technical
data and management roles.

We rst observe that the demand for Al skills increased rapidly after 2015, rising from 0.37
percent of all job postings that year to 1.03 percent in 2019 (Figure 3.1). This growth is
largely driven by demand for general "'machine learning’, with the sub- eld “deep learning'
rising rapidly from relative obscurity to being the second most common Al term from
2017 onwards. Al demand grew steadily in the IT sector since 2011. However, after 2015,
demand for Al-related skills also grew rapidly in "Al-using' sectors. For instance, the
nancial sector saw a ten-fold growth in Al demand between 2016 and 2018, starting from

a low base. The business process outsourcing and call centre sector saw a small boom in
Al demand in earlier years, corresponding to a spike in demand for “speech recognition'.
The growth in Al demand in India coincides with the take-o in high-income countries,

15A post is categorized as Al-related if any of the following terms appear in either the “job description'
or “skills required' elds: Machine Learning, Computer Vision, Machine Vision, Deep Learning, Virtual
Agents, Image Recognition, Natural Language Processing, Speech Recognition, Pattern Recognition,
Object Recognition, Neural Networks, Al ChatBot, Supervized Learning, Text Mining, Support Vector
Machines, Unsupervized Learning, Image Processing, Mahout, Recommender Systems, Support Vector
Machines (SVM), Random Forests, Latent Semantic Analysis, Sentiment Analysis / Opinion Mining,
Latent Dirichlet Allocation, Predictive Models, Kernel Methods, Keras, Gradient boosting, OpenCV,
Xgboost, Libsvm, Word2Vec, Chatbot, Machine Translation and Sentiment Classi cation.

10



as shown in Figure 1.1.

The most common Al role title by far is "Software Developer', followed by other
technical roles such as "Data Analyst', "Technical Lead' and "Technical Architect' (On-
line Appendix Figure A.10). Al skills are also required in technical management roles,
with titles such as "Analytics Manager', "VP - Analytics and BI', and "Project Manager-
IT/Software' also appearing in the top 20 Al-related roles. Yet there is also a long talil
of more generalist roles, including "Business Analyst', "Trainee', "Program Manager' and
"Product Manager'. Indeed, more than 25 percent of all Al vacancies are fragmented
across other roles that each account for less than 1 percent of the total, highlighting that
demand for Al skills is spread widely across many occupations.

Figure 3.1: Trends in Al demand

(a) Most demanded Al skills (b) Al share of posts, by industry

Notes: Panel (a) shows the share of all vacancies that specify particular Al skills, for the top ve most demanded skills.
Online Appendix Figure A.11 decomposes overall demanded Al skills by establishment age. Panel (b) shows the share of
vacancies that are Al vacancies, both for all industries together and within each of the top ve industries by Al share. We

present results on Al skills and posts by industry by the number of posts rather than their share in Appendix Figure A.6.

2. Al roles are highly concentrated in the largest rms and a few key
technology clusters, particularly Bengaluru.

Al roles are highly concentrated in the largest rms. We proxy for rm size by the number
of vacancies posted on the platform and compare the cumulative share of Al posts against
the corresponding share of all posts. We nd that the largest 14 rms are responsible for
10 percent of all vacancies, with each posting at least 50,000 vacancies. These account for
31 percent of all Al posts (Online Appendix Figure A.7). While there are some smaller
rms that post a disproportionate number of Al posts, the largest Al-hiring rms are also
the largest hirers in general.

Al demand is also highly concentrated in large cities, particularly the major technology
clusters around Bengaluru, Mumbai, Hyderabad and Delhi (Figure 3.2). Bengaluru alone
has more than 30 percent of all Al vacancies across India (Online Appendix Figure A.8).

11



Shares of Al demand in cities have been remarkably constant over the last decade, except
for a prominent increase in Al activity in Mumbai as Al demand took o in the nancial
sector (Online Appendix Figure A.9).

Figure 3.2: Share of all Al posts by district, 2010-2019

(a) Al-using industries (b) Al-producing industries

Notes: These maps shows the distribution of the share of all Al posts by particular districts, for the entire period 2010
to 2019. Panel (a) shows the distribution across Al-using industries, whereas panel (b) shows the distribution across
Al-producing industries. Labels are shown for the top ten cities with the most Al posts. The majority of districts have

relatively few Al posts, since hiring is clustered in the largest cities.

3. Al job postings include more complex, creative, and data-driven tasks.

The text of Al job postings contains more verbs associated with complex, creative, and
data-driven tasks. Extracting verbs from the job descriptions in Al and non-Al ads, we
calculate the share of each verb relative to all verbs, and compare these shares in Al job
posts to non-Al job posts. Table 3.1 shows the verbs with the largest frequency di erence
between Al and non-Al posts. Compared to non-Al posts, Al posts contain a higher
share of complex tasks (e.g. learn and develop), creative tasks (e.g design and build), and
data-driven tasks (e.g compute and predict). Appendix Table A.5 lists examples of the
nouns with which these verbs are used.
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Table 3.1: Verbs that are more (less) common in Al posts

Less common | More common

1 Manage Learn

2 Account Develop
3 Call Process
4 Plan Program
5 Maintain Predict
6 Act Build

7 Meet Work

8 Recruit Design
9 Sell Advance
10 Report Compute

Notes: This table reports the ten verbs whose usage di ers most between Al and non-Al job posts. First, for each verb in
each establishment, we count the number of times that verb appears in all the Al posts by that establishment, and the
number of times that verb appears in all the non-Al posts by that establishment. To form verb shares, we then compare
these counts to the total number of verbs appearing across, respectively, all Al or all non-Al posts by that establishment.
For each verb, we then estimate the di erence in its appearance share between Al and non-Al posts using a regression
with industry and region xed e ects and with standard errors clustered at the rm level. Positive (negative) di erences
imply that the corresponding verbs are more (less) likely to be included in Al posts. The ten verbs with signi cant positive
coe cients of the largest magnitude are shown in the \More common" column. The ten verbs with signi cant negative

coe cients of the largest magnitude are shown in the \Less common" column.

4. Al roles require more education and o er substantially higher wages than
other white-collar services jobs.

Al roles list more advanced education requirements and o er substantially higher wages
than other white-collar services jobs on the platform (Figure 3.3). Al vacancies are almost
twice as likely as non-Al vacancies to require a master's degree, and more than seven
times likelier to require a doctorate. They post a CPI-de ated median salary df162,000
(approximately US$3,333; no PPP adjustment), twice the median non-Al salary df84,000
(US$1,666). This "Al wage premium' remains high even when controlling for experience,
education and rm xed e ects (20 %), and occupation or role xed e ects (13-17 %)'°

In the rest of the paper, we build on these descriptive ndings to assess the causal
impact of Al adoption on labor demand. Our long-di erence speci cation exploits the
rapid increase in Al demand in the middle of our sample period (descriptive 1). Noting
the concentration within particular cities and rms (descriptive 2), we do so using
an establishment-level approach that controls for both city and rm-size xed e ects.
Finally, given the specialization of Al roles in particular tasks (descriptive 3), and the
"Al wage premium' (descriptive 4), we examine the implications of Al adoption for the
establishment-level composition of occupations and tasks and the wage o er distribution.

16See Online Appendix Table A.4.
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Figure 3.3: Hiring pro le of Al vs. non-Al vacancies

(a) Years of experience (b) Education level (c) Salary (Rupees)

Notes: These graphs compare the distribution of posts, for Al and non-Al vacancies, across experience, education and salary.
This information is reported directly in the online jobs platform. Salaries are CPI de ated to 2010 levels. For experience
and salary, the vacancy posts record a minimum and maximum value, so we take the midpoint of the speci ed range. Al

posts are classi ed based on keywords, as described in Section 2.2.

4 Empirical Strategy

4.1 Main speci cation

Our main speci cation assesses the impact of increased Al demand on changes in the
demand for non-Al roles between our baseline period (2010 to 2012) and our endline period
(2017 to 2019), spanning the take-o in Al demand from 2015, We take a long-di erence
approach common in the automation and labor markets literature to focus on structural
changes rather than short-term uctuations in labor demand. Our primary unit of analysis

is “establishments’, de ned as rm-city pairs, as many rms report postings in several
di erent cities. To focus on the e ects of Al usage, rather than Al production, we exclude
Al-producing industries as in Acemoglu et al. (2022 Our main estimation sample
contains almost 25,000 establishments posting approximately two million vacancies on the
platform within our baseline and endline period$? By de nition, these establishments
are part of relatively large, incumbent rms, as they existed already in 2010-12 and were
still operational in 2017-19. We focus on this sub-set of all establishments to allow us to

17We pool within these periods in order to improve precision and maximise the probability that a rm
advertises on the job postings platform during both time periods.

18gpeci cally, we drop IT services and education, which make up 34.8 percent of the sample.

¥ Appendix A.3 provides summary statistics for this sample.
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assess the medium-ruestablishment-levelmpacts of Al, recognizing that other channels
(such as new Al-focused startups beginning in the mid-2010s) could also impact aggregate
labor market outcomes.

Our main speci cation is

yfr;t to: AdoptSAIfr;t to+ rt ot f10+ frit to; (4-1)

where Vit 1, IS the change in the natural logarithm of outcomeY;; between 2010-2012
and 2017-19AdoptsAly t, is a dummy taking value one for establishments that do not
post an Al role in the baseline but do post an Al role in the endline;; and | are two-digit
industry and city xed e ects; and {10 iS a rm size decile xed e ect, where rm size
deciles are calculated over rm posting volumes in the baseline periét. We cluster
standard errors at the rm level to account for common shocks across establishments
within the same parent rm.

The primary identi cation concern is that Al adoption is systematically related to
unobserved establishment-level factors that also increase non-Al labor demand, such as
manager quality?> To address such potential endogeneity, we instrument Al adoption
with "Al exposure' to isolate changes resulting from supply-side technical advances in the
capabilities of Al. Our key occupation-level Al exposure measure is that developed by
Webb (2020), which measures the extent to which workers' tasks can be performed by
Al technologies using the degree of overlap between the text of Al patents and the text
of O*NET job-task descriptions?? Occupations with a higher share of tasks that could
be automated by Al are assigned a higher exposure value. We map the Webb (2020)
exposure measure to the Indian National Classi cation of Occupations (NCO) 2004 at the
four-digit level using publicly-available crosswalks. We also present results using the Al
exposure measure of Felten et al. (2018). This measure draws on the Electronic Frontier
Foundation's Al Progress Measurement project, which identi es areas in which Al has
advanced since 2010. It then crowd-sources assessments (via Amazon mTurk) of how
applicable these advances are to 52 O*NET ability scalé$.These di erent Al exposure

20The variables ys ¢, approximate the growth in establishment outcomes between 2010-12 and
2017-19. Mathematically, for growth rate g de ned by Y; = (1+ Q)Y;,, and using the approximation that
In(1+ g) gforsmallg, wehaveg=InY; InYy, = Vi -

2lFor example, more innovative managers may be more likely to hire Al workers, but are also more
productive and grow the business more quickly, hence also increasing non-Al labor demand. Appendix
Table B.46 shows OLS results that support this conjectured upward bias.

22These task descriptions are based on US occupations. Di erences in Indian task compositions have
not been quanti ed; there is no Indian equivalent to O*NET and other studies rely on US O*NET (Sarkar
2019, Khurana & Mahajan 2020, Kuriakose & Kylasam lyer 2020). However, while survey evidence for
India is limited (Martins-Neto et al. 2024), Caunedo et al. (2023) nd convergence between developed and
developing countries in survey-based task contents between 2006 and 2015. Interpreting o shorability as
a measure of task content similarity, the white-collar service sector { which contains many multinational
rms { is likely to be very similar (Blinder 2009, Blinder & Krueger 2013). To the extent that this is not
the case, it would also merely count against the strength of our rst stage.

23/ third measure considered in the literature is the Suitability for Machine Learning (SML) index,
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Figure 4.1: Al exposure by occupation group and by occupation wage o ers

(a) Al exposure by occupation group (b) Al exposure by occupation wage o ers

Notes: These graphs display Al exposure by occupation group and wage o er. Panel (a) plots the average of the standardised
Al exposure scores by broad occupation. The Figure in (b) shows a smoothed local polynomial regression of the Webb Al
exposure measure on occupational wage o ers. We rst rank occupations by their average salary across all vacancy posts
2010-2019. We then plot the Al exposure associated with each, smoothing across a bandwidth of 10 percentage points. In
addition to our main measure, from Webb (2020), we also show analogous results for the alternative measures (Felten et al.

2018, Mani et al. 2020) that we discuss below and use in robustness checks in Appendix B.

measures are shown in Figure 4.1b.

To capture establishment-wise exposure to Al-based automation, we then aggregate this
measure to the establishment level by weighting across baseline establishment occupation
shares. Speci cally, we calculate:

X
Exposure;; , = PostingShare, AlExposure, (4.2)

o

where o represents occupations. We then standardizeéxposurey.; , to have a mean of
zero and a standard-deviation of one. Figure 4.1 shows the distribution of exposure scores
across broad occupations and occupation-wise wage o er percentiles. The Webb (2019) Al
exposure measure rises with wage o ers up to a peak around the 80th percentile, before
falling thereafter.2*

We estimate the rst stage using a linear probability model as follows:

AdoptsAly, , = EXposureqi,+ + i+ 10+ €t to] (4.3)

which scores O*NET work activities against a rubric for machine learning suitability (Brynjolfsson et al.
2018). Using the India-speci ¢ SML index developed by Mani et al. (2020), we nd that the SML measure
does not predict Al demand and is thus not a suitable instrument, with a negative rst-stage coe cient
ranging from 0:005to 0:009 (p 0:01). This aligns with Acemoglu et al. (2022), who likewise nd
that SML does not predict Al demand in the US, suggesting that the measure is too forward-looking to
capture the deployment we observe over our sample period.

24Appendix Figure A.12 shows the distribution of Al exposure scores across industries.
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The rst stage coe cient estimates the increase in the probability of an establishment
adopting Al between 2010-12 and 2017-19 that is associated with a one standard deviation
rise in establishment exposure. When instrumenting equation 4.1 with equation 4.3, the
coe cient can thus be interpreted as the percentage point increase in the growth rate
of outcomeY;,; that is associated with a 1 percent rise in the predicted probability of a
rm adopting Al between 2010-12 and 2017-19.

We discuss several variations of this main speci cation in Section 6, including alter-
natives to using an Al adoption dummy (Online Appendix Tables B.30 to B.33), and
alternative model speci cations in the rst stage (Online Appendix Tables B.43 and B.44).

4.2 ldenti cation assumptions
Our case for a causal interpretation stems from the baseline posting “shares' by occupation
in 2010-12 P ostingShare?, ) being exogenous with respect to the outcome variables
(primarily changes in establishment-level postings between 2010-12 and 2017-19) after
conditioning on our xed e ects. Our Bartik instrument combines these shares with the
“shocks' of occupation-varying measures of exposure to Al patentd Exposure .
Instrument relevance requires that the instrument must correlate with the endogenous
variable, Adoption;.; ,, conditional on region, industry, and rm size decile xed e ects,
ri iy f10- We nd that Al exposure does indeed predict Al demand (Figure 4.2 Panel
(a)). A one standard deviation higher establishment Al exposure score is associated with a
signi cant 1.06 percent increasef<0.01) in the probability of an establishment adopting
Al between 2010-12 and 2017-19, after controlling for region, industry and rm size decile
xed e ects. 2 Panel (b) of Figure 4.2 shows the relationship between Al exposure and
Al adoption over time and con rms that Al hiring at exposed establishments increased
substantially at the same time that machine learning techniques became widely used. For
instance, the Al share of vacancies posted by the most exposed quintile of establishments
was relatively similar to other exposure quintiles until 2016, before rapidly diverging to
reach almost 8 percent in 2018.
Instrument validity requires that, conditional on region, industry and rm size decile
xed e ects, our Al exposure instrument is exogenous with respect to the error term:
h [
E EXposuremt, frt to] r; i3 f10 = 0: (4.4)

This assumption has a more intuitive interpretation. Goldsmith-Pinkham et al. (2020)
highlight that this exogenous shares approach is equivalent to combining many di erence-
in-di erences designs. Conditional on xed e ects, we need to argue that each of these is

25Full results are provided in Online Appendix Table B.4.
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Figure 4.2: Impact of Al exposure on the Al share of establishments' posts

(a) Change in Al share over time relative to Al (b) Annual Al share by exposure quintile
exposure

Notes: These graphs show the relationship between Al exposure and the Al share of establishments' posts. The binned
scatter plot in (a) summarizes the relationship between baseline Al exposure and establishments' change in Al vacancy
share between 2010-12 and 2017-19, after partialling out region, industry and rm-decile xed e ects following Cattaneo

et al. (2023). Panel (b) plots the time variation in this relationship, using an inverse hyperbolic sine scale for the y-axis.

valid. For each occupationo, we require:

h i
CovV 4 t,;PostingShar€’j (; i; f10 =0: (4.5)

As our outcome is measured in rst di erences, this is a parallel trends assumption.
Thus, we claim that establishments with di erent baseline posting shares would have had
parallel trends in labor demand and wage o ers in the absence of the occupation-level
Al shock. While this exogeneity assumption cannot be directly tested, we suggest both
ex-ante arguments andex postrobustness tests.

First, we argue that, conditional on xed e ects, baseline occupation shares are
exogenous to future trends in labor demand and wage o ers; , iS a residual trend
in labor demand and wage o ers between the baseline (2010-12) and endline (2017-19)
periods. Baseline occupation shareB,ostingShare?’, , are predetermined by de nition.
Thus, for these shares to be in uenced by ,, establishments would have had to predict
the Al boom and adjust their baseline occupation shares preemptively. We contend that
this is highly unlikely, since the Al boom was sudden and unexpected. The boom was
driven by signi cant advances in computer science, such as the AlexNet breakthrough in
late 2012, which were rapidly commercialized and disseminated, for instance through the
open-source release of TensorFlow in 2015. We argue that these breakthroughs were not
predictable during the baseline period and thus should not have in uenced the occupation
structure of establishments at that time.

Could ¢ ¢, be correlated with baseline posting shares for other reasons? While we
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cannot rule out all potential unobserved shocks a ecting both baseline posting shares
and subsequent labor demand trends, our xed e ects already account for varying trends
by region, industry and rm size2® Moreover, the rapid adoption of machine learning
techniques, as documented in Section 3, was a large and fundamental shock to the services
sector, with no contemporaneous parallels of which we are aware. This limits the potential
for our estimates to be biased by other unobserved technology shocks.

Following Goldsmith-Pinkham et al. (2020), we provide robustness checks to a rm
that our instrument is valid, which are discussed in Online Appendix B.1. First, we
investigate the correlates of the shares, nding that the instrument is not correlated
with baseline controls. Second, we test whether the baseline occupation shares predict
year-on-year growth in employment or wages, nding no predictive power. Finally, we
compare a range of estimators and run over-identi cation tests, nding similar results
across estimators. All three tests thus support the validity of our instrument.

4.3 Other potential identi cation concerns

Our approach also addresses two other potential identi cation concerns. First, it mitigates
the risk of mean reversion bias when relating total labor demand to Al exposure. In
a reduced-form setting, an idiosyncratic rise in hiring of Al-exposed workers during
the baseline period could arti cially in ate an establishment's measured exposure and
subsequently reduce the total number of posts as the e ect dissipates. This could lead
to a spurious negative relationship between Al exposure and vacancy growth. However,
our speci cation uses Al adoption between 2010-12 and 2017-19 as the main regressor,
with Al exposure an instrument. For the same bias to occur, the idiosyncratic increase
in 2010-12 posting of Al-exposed occupations would need to be systematically related
to a higher probability of adopting Al between 2010-12 and 2017-19 { which is not the
case for a truly idiosyncratic increase. Our approach in contrast captures the true e ect:
high baseline susceptibility to Al capabilities increases the probability of adopting Al in
subsequent years, which in turn lowers total labor demand.

A second potential concern is that the hiring patterns of Indian rms may have
in uenced Al innovation, biasing our results. Building on our discussion of identi cation
assumptions, we o er two additional observations. First, India was not a signi cant
producer of new Al research during our study period, lagging behind major hubs like
the USA and China, despite strengths in applied computer science (Perrault et al. 2019).
Thus, global advances in Al patenting are unlikely to be a ected by hiring patterns in
Indian rms. 2’ Second, by excluding establishments in Al-producing sectors and focusing
on Al usage, we drop the establishments where such concerns would be most relevant.

26For instance, the impact of increased Al deployment by rms in developed countries over our sample
period, which could a ect the extent to which they outsource back-o ce tasks to BPO rms in India,
would be absorbed by our industry xed e ects.

2Indeed, this means our shocks could plausibly be exogenous as well.
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5 Main Results

5.1 Impacts of Al on labor demand

We rst examine the e ects of Al adoption on non-Al vacancies. Table 5.1 shows the impact
of Al adoption on the growth of non-Al vacancies and total vacancies, instrumenting with
the Webb (2020) Al exposure measure. Al adoption reduces the growth in non-Al demand:
a one percent increase in the predicted probability of adopting Al (which corresponds to
approximately a one-standard deviation increase in Al exposure in the rst stage) results
in a 8.1 percentage point decreas@< 0.01) in non-Al vacancy growth at the establishment
level between 2010-12 and 2017-19 in our main speci cation with region, industry and
rm-decile xed e ects. Even when Al vacancies are included, total vacancy growth
falls by a similar magnitude of 7.8 percentage points, indicating that new Al postings
do not compensate for the crowding out of other white-collar services-sector vacanéfes.
Considering that the median growth rate in total and non-Al vacancies is 24.9 percent,
these are substantial e ects.

To assess the economic magnitude of these e ects, Appendix Table B.16 translates our
vacancy ow estimates into e ects on an implied employment stock measure, following
Acemoglu et al. (2022%° Using region and rm decile xed e ects, we nd that a one
percentage point increase in the predicted probability of Al adoption is associated with a 4
to 7% reduction in non-Al employment at the establishment level, although this estimate
is not signi cantly di erent from zero in our other speci cations. This estimate identi es
the e ect among establishments induced to adopt Al by their pre-existing exposure to Al-
automatable tasks, relative to otherwise similar establishments with lower such exposure,
and cannot be interpreted as an equivalent aggregate decline in total employment. In
Section 6, we consider the e ects of Al adoption on district-level non-Al vacancy and
wage growth and nd no statistically signi cant e ect.

28|n both these results, the standard errors increase to 2.39 when implementing the adjustment by Lee
et al. (2022), leaving the nding signi cant ( p<0.05).

293peci cally, we assume establishment employmente; follows “ers1 = Ver + (1 S) e, Where Ve
denotes vacancies, is the vacancy Il rate, and s is the separation rate. We assume each establishment is
in steady state at baseline, and iterate forward to 2017{19 using observed vacancy ows. We seat=22%
based on urban male service workers in the PLFS as the best available data for India (Bhattacharya
2023). We also show results using = 40% to match Acemoglu et al. (2022).
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Table 5.1: Second stage: Impact of Al adoption on establishment non-Al vacancies

Growth in Non-Al Vacancies Growth in Total Vacancies

(1) (2) (3) (4) (5) (6)
Adoption of Al -7.975  -12.90 -8.064 -7.737 -12.47 -7.840
(2.350) (3.092) (2.282) (2.245) (2.959) (2.181)

Fixed E ects:

{ Region X X X X X X

{ Industry X X X X

{ Firm Decile X X X X

First Stage F-Stat 43.7 41.58 45.43 44.06 41.83 45.62
Observations 22,244 22,244 22,244 22,251 22,251 22,251

Notes: Standard errors in parentheses. * p <0.10, ** p <0.05, ** p <0.01. Standard errors clustered at the rm level.
The independent variable is a dummy, which equals 1 for establishments that did not post Al vacancies in the baseline
period, but posted Al vacancies in the endline period. The dependent variables are the change in the log of the respective
establishment-level outcomes, speci cally the number of non-Al vacancies and the total number of vacancies. Al adoption

is instrumented by establishment Al exposure. Each coe cient therefore represents the percentage point impact upon
the outcome variable of a one percent rise in the predicted probability of adopting Al. Al exposure is calculated as the
standardized average of occupation Al exposure (from Webb 2020), over the occupations for which the establishment posts

vacancies in 2010-12, weighted by the number of vacancies posted per occupation, as in Acemoglu et al. (2022).

5.2 Mechanisms and distributional impacts

To understand the drivers of these results and identify which types of jobs and tasks are
most impacted by Al adoption, we explore the heterogeneous impacts of Al adoption
across occupations, skill requirements and tasks. We nd the following results:

Al adoption reduces growth in demand for higher-skilled occupations. We
rst study the e ects of Al on postings at the occupation level, using India's NCO2004
classi cation of one-digit and two-digit occupations. We regress the change in the share of
non-Al vacancies within each occupation group on Al adoption. Table 5.2 shows that the
decline in overall demand is accompanied by a shift away from higher-skilled occupations:
the categories of "Professionals' and "Managers' su er large reductions in their respective
shares. For every one percent increase in the predicted probability of adopting Al, we
observe a 10.6 percentage point decrease in the growth of non-Al vacancies for "Managers'
and a 3.6 percentage point decrease for "Professionals’. These impacts are signi cant, given
that these occupations comprised 18 percent and 48 percent of all postings in the 2010-12
baseline period respectively. Conversely, we note increases in shares for lower-skilled
workers, such as "Personal, Sales and Security', "Clerks' and "Associate Professionals'.
These ndings align with Webb (2020) who found that Al disproportionately a ects
high-skilled jobs involving pattern detection, judgement and optimization, such as clinical
laboratory technicians, chemical engineers and optometrists.

Disaggregating this result further within these two groups using two-digit occupation
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codes, Appendix Table B.15 shows that increased Al demand reduces the share of non-Al

vacancies for "Engineering Professionals’, "General Managers', and particularly strongly for

“Corporate Managers'. In the baseline period, 24 percent of all postings are for "Engineering

Professionals', 6 percent for "General Managers', and 12 percent for "Corporate Managers'.
Reduced vacancies growth for these three occupations consequently plays a large role in
our aggregate results.

Table 5.2: Second stage: Impact of Al adoption on establishment non-Al vacancy shares,
by occupation group

Change in Non-Al Vacancy Shares

Personal, Clerks Associate  Professionals Managers
Sales & Security Professionals
Adoption of Al 2.074 1.324 10.46 -3.637 -10.59
(0.385) (0.272) (1.718) (0.717) (2.709)
Fixed E ects:
{ Region X X X X X
{ Industry X X X X X
{ Firm Decile X X X X X
First Stage F-Stat 45.43 45.43 45.43 45.43 45.43
Observations 22,244 22,244 22,244 22,244 22,244

Notes: Standard errors in parentheses. * p <0.10, ** p <0.05, ** p <0.01. Standard errors clustered at the rm level. The
independent variable is a dummy, which equals 1 for establishments that did not post Al vacancies in the baseline period,
but posted Al vacancies in the endline period. The dependent variables are the change in occupation shares. Occupation
groups are 1-digit occupations from the NCOO04. Each coe cient therefore represents the impact upon the outcome variable
of a one percent rise in the predicted probability of adopting Al. Al exposure is calculated as the standardized average of
occupation Al exposure (from Webb 2020), over the occupations for which the establishment posts vacancies in 2010-12,

weighted by the number of vacancies posted per occupation, as in Acemoglu et al. (2022).

Al reduces growth in demand for non-routine task-intensive occupations. We
next aim to understand more about the relationship between impacts on occupations
and their task content, following the literature examining routine and non-routine task
intensity of occupations (Autor et al. 2003, Acemoglu & Autor 2011). We map the
measures of Acemoglu & Autor (2011) onto India's NCO2004 classi cation of occupations
and standardize them®® We then analyze the impact of instrumented Al demand on the
change in the log of routine and non-routine scores at the establishment-level. Table 5.3
documents the signi cant negative e ect of increased Al demand on establishment-level
growth in non-routine task intensity. A one percent higher predicted probability of Al
adoption leads to 3.3 percentage point lower growth in non-routine task intensity. In
contrast, the intensity of routine tasks is not signi cantly a ected.®! This negative impact
on non-routine task intensity contrasts with the broader trajectory of India's occupational

30To allow us to consider percentage impacts using logs, we transform the standardized valuasto
X + X2, where x; is the second lowest observed value, such that all transformed values are positive.
310nline Appendix Table B.17 nds similar results for abstract and routine tasks following Autor &
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structure, with national labor force surveys showing growth in non-routine task-intensive
employment { particularly in the service sector { across recent decades, including this
study period (Vashisht & Dubey 2019, Sarkar & Torrepn Rerez 2025).

This result of declining demand for non-routine tasks could re ect changing task
demand within occupations or a shift in demand between occupations. We hence also ask
how Al adoption a ects establishment-level non-routine task intensity within occupation
groups, as shown in Table 5.4. We nd that Al adoption also reduces growth in demand
for non-routine tasks within higher-skilled occupations. We nd the strongest reduction
in non-routine task growth for the category of “Managers?

Table 5.3: Second stage: Impact of Al adoption on establishment routine and non-routine
tasks

Growth in Non-Routine Tasks Growth in Routine Tasks

(1) (2) 3) (4) (5) (6)
Adoption of Al -3.395  -3.281 -3.258  0.287 0243 0.273
(0.889) (0.894) (0.849) (0.841) (0.846) (0.804)

Fixed E ects:

{ Region X X X X X X

{ Industry X X X X

{ Firm Decile X X X X

First Stage F-Stat  52.87 59.01 56.31 52.87 59.01 56.31
Observations 22,251 22,251 22,251 22,251 22,251 22,251

Notes: Standard errors in parentheses. * p <0.10, ** p <0.05, ** p <0.01. Standard errors clustered at the rm level. The
independent variable is a dummy, which equals 1 for establishments that did not post Al vacancies in the baseline period,
but posted Al vacancies in the endline period. We also control for the change in the log of total posts. The dependent
variables are the change in the log of the respective establishment-level outcomes, speci cally routine and non-routine tasks,
where we have shifted the mean of the distributions of routine and non-routine scores to be able to take logarithms. We
average standardised routine and non-routine O*NET task contents by occupation, and form establishments' routine and
non-routine task demand by weighting occupations by their standardized routine and non-routine scores. Al adoption

is instrumented by establishment Al exposure. Each coe cient therefore represents the percentage point impact upon
the outcome variable of a one percent rise in the predicted probability of adopting Al. Al exposure is calculated as the
standardized average of occupation Al exposure (from Webb 2020), over the occupations for which the establishment posts
vacancies in 2010-12, weighted by the number of vacancies posted per occupation, as in Acemoglu et al. (2022). The reported

F -statistic is the cluster-robust Kleibergen-Paap Wald  F -statistic.

Dorn (2013), with a negative impact on abstract tasks and no discernible impact on routine tasks. Online
Appendix Table B.18 nds similar results while controlling for occupational shares.

32The estimated e ect di ers signi cantly across occupation groups, with the hypothesis of equal
coe cients rejected at the 1 percent level (p value=0.00). Dierences are also generally statistically
signi cant for pairwise comparisons at the 1 percent level, but insigni cant for comparisons of "Professionals'
and “Personal’, "Professionals' and "Clerks', and “Personal' and "Clerks'. Online Appendix Table B.19
repeats Table 5.4 for abstract tasks following Autor & Dorn (2013), nding similar results of a decline in
demand growth for abstract tasks within professional and managerial occupations, with the latter impact
especially large.
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Table 5.4: Second stage: Impact of Al adoption on establishment non-routine tasks, by
occupation group

Growth in Non-Routine Tasks

Personal, Clerks Associate Professionals Managers
Sales & Security Professionals
Adoption of Al 0.113 -1.363 -6.378 -5.564 -10.76
(0.462) (0.552) (1.646) (1.612) (2.052)
Fixed E ects:
{ Region X X X X X
{ Industry X X X X X
{ Firm Decile X X X X X
First Stage F -Stat 47.03 46.82 49.29 48.36 47.19
Observations 22,251 22,251 22,251 22,251 22,251

Notes: Standard errors in parentheses. * p <0.10, ** p <0.05, ** p <0.01. Standard errors clustered at the rm level.
The independent variable is a dummy, which equals 1 for establishments that did not post Al vacancies in the baseline
period, but posted Al vacancies in the endline period. The dependent variables are the change in the log of the respective
establishment-level outcomes, speci cally non-routine tasks, where we have shifted the mean of the distributions of routine
and non-routine scores to be able to take logarithms. We average standardized routine and non-routine O*NET task
contents by occupation, and form establishments' routine and non-routine task demand by weighting occupations by their
standardized routine and non-routine scores. We control for the change in the respective occupation's vacancy share. Al
adoption is instrumented by establishment Al exposure. Each coe cient therefore represents the percentage point impact
upon the outcome variable of a one percent rise in the predicted probability of adopting Al. Al exposure is calculated as
the standardized average of occupation Al exposure (from Webb 2020), over the occupations for which the establishment
posts vacancies in 2010-12, weighted by the number of vacancies posted per occupation, as in Acemoglu et al. (2022). The

reported F -statistic is the cluster-robust Kleibergen-Paap Wald  F -statistic.

Al reduces demand for analytical and complex communication tasks. The above
measures of task intensity of occupations relied on time-invariant measures of the task
content of occupations from O*NET. However, Al could also impact the task content
within occupations over time. We therefore adopt a further, more granular, approach by
studying the verbs mentioned within the text of job adverts. For each establishment, we
count both the number of appearances of each verb and the total number of appearances
of all verbs at baseline and endline. We thus construct a "verb share' for each verb, as
well as its change over time. We also repeat this procedure for groupings of verbs with
similar meanings, using the verb classi cation of Roget's Thesaurus as discussed above.
To analyze changing demand in tasks, we run similar regressions to those in Table 5.1,
using changes in verb shares as the dependent variable. Figure 5.1a shows that Al demand
negatively impacts the share of verbs related to "Intellectual Faculties' in Roget's Thesaurus:
a one percent increase in predicted Al adoption probability leads to a 0.29 percentage point
decline in the share of those verbs. Figure 5.1b further breaks down this e ect, showing
statistically signi cant negative e ects on three sections within “Intellectual Faculties':
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i) "Precursory Conditions', involving analytical tasks (e.g. “investigate', research' and
“explore’), ii) "Means of Communicating Ideas' involving complex communication tasKs
(e.g. narrate' and “describe") and iii) "Extension of Thought', involving prediction (e.g.
“predict’ and “forecast'). These verbs align closely with known Al capabilities and support
the idea that Al reduces the cost or improves the quality of the task of “prediction'
prevalent across many occupations (Agrawal et al. 2018).

5.3 Impacts of Al on wage o ers

We analyze wage o ers by taking advantage of the platform's standardized job postings
template, requiring rms to list wage o ers for all vacancies®® Table 5.5 documents the
impact of Al adoption on the growth of median wages for both non-Al postings and all
job postings. We nd that a one percent higher predicted probability of Al adoption
reduces the growth of non-Al wage o ers by 5.5 percentage points between 2010-12 and
2017-19, instrumenting with Al exposure and controlling for region, industry and rm size
xed e ects. This negative e ect remains largely unchanged when considering all posts
that include Al postings, despite the higher wage o ers associated with Al posts.

Table 5.5: Second stage: Impact of Al adoption on establishment non-Al wages

Growth in Non-Al Median Wage Growth in Overall Median Wage

1) 2 3 4) ®) (6)

Adoption of Al -5.696 -6.351 -5.514 -5.452  -6.089 -5.273

(1.485) (1.630) (1.423) (1.424) (1.566) (1.366)
Fixed E ects:
{ Region X X X X X X
{ Industry X X X X
{ Firm Decile X X X X
First Stage F-Stat  45.14 42.91 46.86 45.46 43.12 47.02
Observations 22,064 22,064 22,064 22,071 22,071 22,071

Notes: Standard errors in parentheses. * p <0.10, ** p <0.05, ** p <0.01. Standard errors clustered at the rm level.
The independent variable is a dummy, which equals 1 for establishments that did not post Al vacancies in the baseline
period, but posted Al vacancies in the endline period. The dependent variables are the change in the log of the respective
establishment-level outcomes, speci cally wages of non-Al vacancies and wages of all vacancies. Al adoption is instrumented
by establishment Al exposure. Each coe cient therefore represents the percentage point impact upon the outcome variable
of a one percent rise in the predicted probability of adopting Al. Al exposure is calculated as the standardized average of
occupation Al exposure (from Webb 2020), over the occupations for which the establishment posts vacancies in 2010-12,

weighted by the number of vacancies posted per occupation, as in Acemoglu et al. (2022).

The negative impact of Al demand on non-Al wage o ers is evident across the wage
o er distribution, with e ects statistically signi cantly di erent from zero from the 20th
percentile onwards. Figure 5.2 illustrates the impact of a one percent higher predicted

33This contrasts with commonly used platforms in high-income economies, where wage o er information
is missing for the majority of posts (Batra et al. 2023).
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Figure 5.1: Impact of 1 unit higher establishment Al demand growth on verb usage by
class and section

(a) By verb class

(b) By verb section within Intellectual Faculties, and example verbs

Notes: These coe cient plots show the impact of Al adoption on verb share growth between 2010-2012 and 2017-2019,
where verb shares are formed from counting verbs in job descriptions of job ads. Point estimates accompanied by 95 percent
and 90 percent con dence intervals. Each coe cient is from a regression of type (3) in Table 5.1. Here, the outcome variable
is growth in the share of verbs from the respective section or class. Al adoption is instrumented by establishment Al
exposure. Each coe cient therefore represents the percentage point impact upon the outcome variable of a one percent
rise in the predicted probability of adopting Al. Al exposure is calculated as the standardized average of occupation Al
exposure (from Webb 2020), over the occupations for which the establishment posts vacancies in 2010-12, weighted by the
number of vacancies posted per occupation, as in Acemoglu et al. (2022). Standard errors are clustered at the rm level,
and we include region, rm size decile and industry xed e ects.
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probability of Al adoption on wage o er growth at various percentiles of the establishment-
level distribution between 2010-12 and 2017-19, using the same Al exposure instrument
and xed e ects as above. We observe a statistically signi cant reduction (at the 5 percent
level) in establishment-level wage o ers for non-Al jobs over time, ranging from -2.5 to
-4.4 percent across the distribution.

Figure 5.2: Impact of Al adoption on the wage o er distribution in non-Al posts

Notes: This coe cient plot shows the impact of a 1% rise in the predicted probability of adopting Al on wage growth
across the distribution of establishment wage o ers. As in Online Appendix Table B.21, Al adoption is instrumented by
Al exposure. Each coe cient is from a regression of type (3) in Appendix Table B.21 and represents the impact of a one
percent rise in the predicted probability of adopting Al on wage growth over time for a given percentile of the wage o er
distribution. Standard errors are clustered at the rm level, and we include region, rm size decile and industry xed e ects.
The outer (inner) error bars re ect 95 percent (90 percent) con dence intervals. Since Al posts make up only a small share
of all roles in most establishments, the pattern is very similar across the distributions for all posts and for non-Al posts only.

The observed lower wage growth associated with Al demand could stem from two
potential sources: between-occupation or within-occupation e ects. In other words, Al
could change the occupational composition, thereby shifting the median wage o er, or it
could reduce wage o ers for individual occupations. Our ndings in Table 5.2 showed that
Al demand lowers hiring growth for the highest paid occupations, which likely contributes
to the downward shift in overall wage o ers. However, for wage o ers within occupation
groups, we nd only marginally signi cant e ects due to small sample size¥ When we
add controls for changing occupation group shares, we nd no signi cant declines in wage
o er growth at the 5 percent level of signi cance (Figure 5.3), suggesting that compaosition
e ects are the primary driver of the results.

34\We report heterogeneous results on wage o ers by occupation group in Online Appendix Table B.20,
nding weak negative e ects for higher-skilled occupation groups.
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Figure 5.3: Impact of Al adoption on the non-Al wage o er distribution, holding occupa-
tional composition xed

Notes: This coe cient plot shows the impact of a 1% rise in the predicted probability of adopting Al on wage growth across
the distribution of establishment wage o ers, controlling for the change in shares of 1-digit NCO04 occupations, leaving out
‘Professionals’. As in Online Appendix Table B.21, Al adoption is instrumented by Al exposure. Each coe cient is from a
regression of type (3) in Online Appendix Table B.21, where we add the change in 1-digit occupation shares as controls, and
represents the impact of a one percent rise in the predicted probability of adopting Al on wage growth over time for a given
percentile of the wage o er distribution. Standard errors are clustered at the rm level, and we include region, rm size

decile and industry xed e ects. The outer (inner) error bars re ect 95 percent (90 percent) con dence intervals.

5.4 Alternative measures of Al exposure

Our shift-share instrument relies on the occupation-level Al exposure measure of Webb
(2020), which scores the overlap between the text of Al patents and the task descriptions of
each occupation in O*NET. We use this as our key Al exposure measure due to its strong
predictive power for Al job postings in India and its grounding in the task capabilities of
patented Al inventions, which may have greater relevance in the context of a developing
country that is primarily an Al consumer rather than producer. We also repeat the
speci cations using the Al Occupational Impact measure developed by Felten et al. (2018),
a key alternative proposed in the literature. The Al Occupational Impact measure draws
on the Electronic Frontier Foundation's Al Progress Measurement project to identify nine
application areas in which Al has advanced since 2010. It then crowd-sources assessments
(via Amazon mTurk) of how applicable these advances are to 52 O*NET ability scales,
with each occupation's score given by the importance-weighted sum of these abilities.

In predicting Al adoption in our context in India, the measure of Felten et al. (2018)
generally has lower predictive power to that of Webb (2020), with a lower rst stage
F-stat in most speci cations and notably a rst stageF -stat that is around half that
of the Webb (2020) measure in our preferred speci cation. This could re ect the fact
that this measure is based upon research benchmarks and so may re ect far-from-market
capabilities that are not yet su ciently relevant in a developing country context. We nd
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no signi cant e ect on non-Al or overall vacancy growth (Table 5.6), in contrast to the
signi cant negative e ect we obtain using Webb's measure. Yet the distributional and
wage results are similar to our main ndings: we again nd strong reductions in the share

of non-Al vacancies for professionals and managers in particular, and signi cant declines
in median non-Al wage o ers ( 3:5 percentage points) and overall wage o ers (3:8
percentage points), as shown in Panels B and C of Table 5.6. When using this di erent
exposure measure we nd that professionals see a relatively greater decline than managers,
however, in contrast to the results using the measure of Webb (2020) where managers see
a greater decline. The positive results for Personal, Sales and Security occupations are
also larger in magnitude, while the results for Clerks are negative when using the measure
of Webb (2020).

These di erent results for vacancy growth when using these di erent exposure measures
could re ect several factors. These measures pick up di erent elements of Al exposure and
vary quite substantially at the occupation level, as was shown in Figure 4.1b. The Webb
measure scores highest for tasks relating to prediction, classi cation and pattern detection,
while the measure of Felten et al. (2018) scores higher for abstract reasoning, comprehension
and perception: a broader set of cognitive work. As a result, the Webb exposure measure is
higher notably for managers, physical and engineering science professionals and life science
and health associate professionals, while it is notably lower for teaching professionals
and o ce clerks. The Webb measure could also be seen by design to focus more on
automation, while the Felten measure may pick up wider augmenting e ects of Al. The
employment e ects could therefore suggest that Al is mostly displacing workers in tasks
where it has been patented and deployed, but not yet in occupations that are exposed
based on research benchmarks. They could also re ect greater displacement e ects for
rms in the physical and life sciences industries where the Webb measure is the highest.
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Table 5.6: Second stage: Impact of Al adoption on establishment outcomes { Felten et al.
exposure measure

Panel A: Establishment vacancies

Growth in Non-Al Vacancies Growth in Total Vacancies
1) 2 3) (4) ©) (6)
Adoption of Al 0.784 2.315 1.508 0.966 2.496 1.750
(2.541) (1.682) (2.569) (2.669) (1.739) (2.709)
Fixed E ects:
{ Region X X X X X X
{ Industry X X X X
{ Firm Decile X X X X
First Stage F-Stat 23.91 42.65 22.6 19.53 36.89 18.34
Observations 22,244 22,244 22,244 22,251 22,251 22,251
Panel B: Establishment wages
Growth in Non-Al Median Wage Growth in Overall Median Wage
1) 2 3) 4) ®) (6)
Adoption of Al -3.300** -2.421** -3.480** -3.551** -2.534**  -3.753**
(1.507) (0.958) (1.560) (1.662) (1.020) (2.729)
Fixed E ects:
{ Region X X X X X X
{ Industry X X X X
{ Firm Decile X X X X
First Stage F-Stat 23.71 42.77 22.52 19.35 36.99 18.27
Observations 22,064 22,064 22,064 22,071 22,071 22,071

Panel C: Non-Al vacancy shares, by occupation group
Growth in Non-Al Vacancy Shares

Personal, Clerks Associate  Professionals Managers
Sales & Security Professionals
Adoption of Al 7.981%** -0.919%** 7.608*** -10.31%**  -4,039***
(1.809) (0.289) (1.780) (2.261) (1.002)
Fixed E ects:
{ Region X X X X X
{ Industry X X X X X
{ Firm Decile X X X X X
First Stage F-Stat 22.6 22.6 22.6 22.6 22.6
Observations 22,244 22,244 22,244 22,244 22,244

Notes: Standard errors in parentheses. * p <0.10, ** p <0.05, ** p <0.01. Standard errors clustered at the rm level. The
independent variable is a dummy equal to 1 for establishments that did not post Al vacancies in the baseline period but
posted Al vacancies in the endline period; it is instrumented by establishment Al exposure. Each coe cient represents the
percentage point impact upon the outcome of a one percent rise in the predicted probability of adopting Al. The dependent
variables are: in Panel A, the change in the log of establishment non-Al and total vacancies; in Panel B, the change in the
log of non-Al and overall establishment median wages; in Panel C, the change in the establishment share of non-Al vacancies
accounted for by each one-digit NCO-2004 occupation group. Al exposure is the standardized average of occupation Al
exposure (from Felten et al. 2018) over the occupations for which the establishment posts vacancies in 2010{12, weighted by

the number of vacancies posted per occupation, as in Acemoglu et al. (2022).
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6 Robustness and Extensions

In this section, we rst show that our ndings are robust to several variations of our
main speci cation, and an event-study approach. We then investigate wider e ects of
Al, beyond the establishment level, and nd signi cant impacts on (national) rms that
adopt Al, but no robust evidence yet for aggregate district-level e ects.

6.1 Alternative speci cations

We show that our results are robust to several alternative speci cations, with results
provided in Online Appendix B. First, we show that our results are robust to adding
additional controls for the baseline establishment posting shares of software engineers and
sales and administrative professionals, following Acemoglu et al. (2022). By controlling for
two broad occupations that see a decline due to computerization (Autor & Dorn 2013), we
account for the possibility that rms experiencing increased demand for machine learning
skills might also be software-engineering intensive or more a ected by computerization.
Our results remain robust with these additional controls (Tables B.22 to B.25).

Second, we show that our results are robust to using a shorter time period between
baseline (2013-15) and endline (2017-19) in Tables B.26 to B.27. This approach draws on
a larger sample of rms, as rms are more likely to post in this shorter timeframe, but
at the cost of not spanning the entire takeo in Al demand (Figure 3.1). Nonetheless,
the results are similar to those in the main speci cation. This shorter long-di erence also
allows us to di erentiate between rms newly appearing in the data (termed “startups'
for convenience) and older rms (lincumbents') appearing in the data from the staff.

In Tables B.28 and B.29, we show evidence of negative impacts on labor demand and
wage o ers in both groups of rms in the shorter long-di erence speci cation, albeit less
signi cant for newer rms where there is a weaker rst stage.

Third, we demonstrate the robustness of our results using an alternative dependent
variable: the number of Al vacancies posted by an establishment, which shifts the focus
from the extensive margin captured by our main \Al demand” measure to the intensive
margin.. In Tables B.30 to B.33, we replac&doptsAls.; o in equation 4.1 with either
the log of one plus the number of Al posts by an establishment or the inverse hyperbolic
sine transformation of the same. These measures introduce an intensive margin (albeit
at a cost to interpretability, as discussed in Chen & Roth (2023)). Nevertheless, the
consistent ndings across speci cations provide reassurance that our results are not driven
by our choice of independent variable.

Lastly, we con rm the robustness of our results to several other speci cation decisions.
Our ndings remain unchanged when including rm xed e ects (Table B.34) and when
excluding the year 2019, in which a crisis in non-bank nancial companies disrupted

35Speci cally, we classify an establishment as an incumbent if it posts vacancies in the years 2010-2012
and 2017-19, and as a startup if it posts vacancies in 2013-15 and 2017-19 but not 2010-12.
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nancial sector hiring (Tables B.35 and B.36; for details of the shock, see e.g., International
Monetary Fund (2019, 2020), Agarwal (2024)). Our results are also una ected by weighting
by baseline establishment size (Tables B.37 and B.38), where this is proxied by the total
number of vacancies posted in the baseline, with the upper 5 percent winsorized to reduce
the dominance of the top rms as highlighted in Section 3. Likewise, our results are similar
when weighting vacancies to match occupation shares in labor force surveys (Tables B.39
and B.40) and when dropping occupations whose shares are su ciently dissimilar (Tables
B.41 and B.42). Our results are also robust to using a two-step consistent estimator
accounting for endogenous treatment instead of a one-step linear probability model (Tables
B.43 and B.44) following Wooldridge (2010). Our ndings also stand when accounting
for selective non-posting at endline using Lee bounds (Lee 2089)Our wage results are
robust to using mean rather than median wage o ers (Table B.45).

6.2 Event study approach
Our long-di erence approach focuses on a xed window (from 2010-12 to 2017-19) centered
on the national and global take-o in Al demand in the middle of the 2010s. To provide
an alternative perspective, we also take an event study approach, centering our analysis on
the speci c moment each establishment rst posts an Al vacancy. This in turn allows the
observation window to vary across establishments. The ideal experiment would compare
the post-adoption outcomes of each Al-adopting establishment to those of an otherwise
identical establishment that instead did not adopt Al. However, Al adopters are unlikely
to resemble the average rm { for instance, they tend to be larger, as shown in Section 3.

To approach the ideal "otherwise identical' counterfactual, we therefore follow Koch
et al. (2021) in matching Al adopters to similar non-adopters using propensity scores.
We construct these by running a Probit regression of Al adoption on a range of lagged
establishment characteristics and hence deriving predicted adoption probabiliti&’s By
accounting exibly for a wide range of observables, this approach aims to control for
unobservable di erences between establishments. Rosenbaum & Rubin (1983) show that
the propensity score is a balancing score, such that conditional on the propensity score,
Al adoption is indeed orthogonal to observable establishment characteristics.

We run an annual propensity score-weighted event-study at the level of establishments:

X2
Yi = i+ ¢+ k I(Kii = kK)+ 3¢ LKy 3)+ i (6.1)
k= 3n 1

36\We split the instrument at its median and nd that the resulting bounds place the true e ect between
-13.5 and -4.1 log points for non-Al vacancy growth, which are both statistically signi cant.

37Speci cally, we include lags of rm size decile, establishment size, salary, experience levels, rm
age, the standard deviation of salaries and experience, and several interaction terms, as shown in Online
Appendix Table B.47. When estimating the event study, we focus on the set of establishments for which
we can observe the full pre-adoption and post-adoption windows { i.e., we exclude those that adopted Al
prior to 2013 or after the 2016 take-o in Al adoption.
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Figure 6.1: Event study for non-Al postings following Al adoption

Notes: Two way xed e ects on a balanced panel. The outcome variables are a dummy for posting any non-Al vacancies
and the percentile at which an establishment's posting volume sits. Adopters are matched to never adopters by propensity
score weighting, with propensity scores from a Probit regression of establishment characteristics on Al adoption (see Online
Appendix Table B.47 for details). We leave out the rst lead as the base period and cluster standard errors on establishments.

whereY; is either (i) a dummy for posting any non-Al vacancies, re ecting the extensive
margin, or (ii) the percentile at which an establishment's posting volume sits, re ecting
the intensive margin (Chen & Roth 2023). ; and ; respectively are establishment and
time xed e ects, and Kj; is the time di erence between the current year and adoption of
Al. We include three lags and leads, omitting the rst lead to normalize the di erence
between adopters and similar non-adopters to zero in the year before adoption. The
estimates ¢ then measure the impact of Al adoption on the probability of posting any
non-Al vacancies or on the percentile in the distribution of non-Al postings, relative to
the level in similar non-adopters.

Figure 6.1 plots the resulting estimates. We nd that the probability of posting any
non-Al vacancies and the percentile in the posting distribution are signi cantly lower (at
the 5 percent level) from the rst year after adoption. This negative impact increases in
magnitude in the second year following Al adoption for both outcomes. The probability to
post any non-Al vacancies is 36 p.p. lower for adopters in the rst year after adoption, and
56 p.p. lower two years after adoption. For the quantile outcome, we nd that adopters
fall 20 percentile points lower in the within-year non-Al post distribution in the rst year
after adoption, and 30 percentile points lower in the second year after adoptiéh.

38These ndings are robust to using the imputation estimator of Borusyak, Jaravel & Spiess (2021).
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6.3 Wider e ects

Does Al demand a ect broader labor market outcomes, beyond the establishment level?
First, we consider impacts at the rm level by aggregating nationally across a rm's
constituent establishments. Appendix Tables B.48 and B.49 respectively show the results
for the number of vacancies and the median wage o er. While the sample size drops
substantially due to the aggregation and thd- -statistic is correspondingly much weaker,
we nonetheless nd signi cant negative impacts of Al adoption on the growth in rms'
overall posting of vacancies and their average wage o ers.

Second, we consider impacts at the district level by aggregating across establishments
in a given region (Appendix Table B.50), with a signi cant reduction in sample size. We
nonetheless nd that Al exposure predicts Al adoption (column 1), but we do not nd a
signi cant impact on growth in non-Al or total vacancies (columns 2 and 3), and at most
weak evidence§ < 0.11) for a negative e ect on non-Al and overall wage o er growth
(columns 4 and 5). Given the weak rst stage in these long-di erence regressions, we
also explore results from a district-level event-study approach (Appendix Figure B.2),
but again do not detect a signi cant impact of Al adoption on labor demand. Given
that only 3.9 percent of establishments in our study used Al between 2010 and 2019, it is
unsurprising that the impact of Al adoption on labor demand in Al-using industries is
not detectable in district-level aggregates. This suggests that the e ect, while present at
the establishment level, was too small to in uence broader labor market trends during
our study period3®

7 Conclusion

Al could have important implications for a services-led development model, given the
potential for recent advances in machine learning to automate many service sector occupa-
tions. In this paper, we use a new dataset of online vacancy posts from India's largest jobs
website to shed light on the demand for, and implications of, Al capabilities from 2015 to
2019. We document a rapid take-o in demand for Al-related skills from 2015, particularly
in the IT, nance and professional services industries, closely mirroring patterns found for
high-income economies (Grennan & Michaely 2020, Acemoglu et al. 2022). Al jobs pay a
substantial wage premium and are highly concentrated in certain industries, cities and
large rms.

We assess the labor market e ects of establishment-level demand for Al skills, as a
proxy for Al deployment. Employing a long-di erence shift-share speci cation based on
exposure to patented advances in Al capabilities (Webb 2020), we nd that Al adoption
signi cantly reduces growth in non-Al postings and average wage o ers. This decline
primarily re ects a reduction in demand for skilled managerial and professional occupations,

39similarly, we do not see evidence of broader shifts in the sectoral composition of hiring over the
period (Appendix Figure A.3).
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non-routine work, and analytical and communication tasks. This contrasts with previous
ndings on computerisation and robotics, which primarily a ected routine tasks (Autor
et al. 2003, Goos & Manning 2007, Goos et al. 2014).

Taking an even more granular approach and classifying verbs in the text of the job
adverts using Roget's Thesaurus, we nd that Al adoption reduces demand for verbs
related to “intellectual faculties', particularly those relating to investigation, prediction
and description. These results are in line with the notion that machine learning reduces
the cost or improves the quality of the task of “prediction’ (Agrawal et al. 2018).

Our ndings underscore Al's potential to reduce the availability of high-skilled, high-
wage white-collar jobs in developing countries | traditionally the target of services-led
development strategies. However, while we observe signi cant negative impacts of Al
adoption on labor demand and wage o ers within rms, these e ects do not translate
to signi cant changes at the district-level. This discrepancy likely stems from the small
proportion of establishments adopting Al during our sample period, such that their
adoption decisions did not have a detectable impact on aggregate regional outcomes.

As Al adoption spreads, understanding the impacts on local labor markets in developing
countries will be increasingly important for future research. The latest wave of innovation
in generative Al, including large language models enabling applications like ChatGPT,
has made this task yet more urgent (for a discussion of developing countries' exposure, see,
for instance, Cazzaniga et al. 2024). However, the collection of granular, representative
data on usage of such technologies through o cial surveys remains at an early stage
(Acemoglu et al. 2024), especially in developing countries. Alternative data sources such
as job postings are a promising tool for answering these questions in such contexts.
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construct our dataset, benchmarks it against administrative data, discusses representa-
tiveness, and provides additional descriptives. Appendix B provides an array of additional
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Appendix A Data and Descriptives

A.1 Construction of the vacancy dataset

The largest online job postings platform in India shared 80 percent of all job postings
on its site (randomly sampled) from 2010 to 2019. All posts include text data on the
job title, industry, role category, location, skills required, salary and experience ranges
and educational requirements. We manually map 99 percent of role titles to the 2004
Indian National Classi cation of Occupations (NCO) at the four-digit level. We also
manually map all industries to the 2008 Indian National Industrial Classi cation (NIC) at
the two-digit level. We clean 95 percent of city names and add geo-locations, separating
out overseas job postings. Using the geolocations, we match cities to districts, using the
2011 census. Figure A.1 shows the distribution of posts across districts.

Figure A.1: Total posts by district, 2010-2019

Notes: This map shows the distribution of our online vacancy posts across Indian districts for the entire period 2010-2019.

Labels are shown for the ten cities with the largest numbers of posts.

Table A.1 summarises the number of observations in our main dataset, as well as in
three other datasets that we use to gauge its representativeness (see the next section). We
also use publicly-available crosswalks to translate the Al exposure measures to the Indian
context. We map the 2000 Standard Occupation Classi cation used by Webb (2020) to



the 2004 Indian National Classi cation of Occupations (NCO) via the 1988 International
Standard Classi cation of Occupations (ISCO), at the four-digit level. For the Felten

et al. (2018) measure, we map the 2008 ISCO to the 1988 ISCO, before again mapping
onto the 2004 NCO.

Table A.1: Number of observations by data source

Online vacancy postings 2010-2019 #Firms #Posts
Agriculture 13,811 463,675
Manufacturing 57,980 2,543,995
Services 167,969 15,481,330
| Financial 17,805 1,815,798
| Information 72,057 5,834,878
| Professional 38,533 834,932
| Other 106,798 6,995,722

Prowess (balance sheets) #Firms #Observations
Agriculture 123 590
Manufacturing 2,276 11,257
Services 3,675 16,722
| Financial 1,020 4,830
| Information 516 2,557
| Professional 199 811
| Other 1,940 8,524

Surveys (demographics) #Districts  #Households
National Sample Survey 2012 626 101,725
Periodic Labour Force Survey 2018 646 102,063

Notes: Some services rms post in multiple sub-sectors, hence the total number of
services rms is less than the sum of all rms posting in the sub-sectors.

A.2 Representativeness of the vacancy data

In this section we evaluate the representativeness of our vacancy data in relation to the
broader Indian labor market by benchmarking against widely-used administrative datasets
and labor surveys. First, we consider the number of vacancies in the dataset. The Indian
Labour Ministry estimates that India's services sector formally employs approximately
18.9 million workers! Our unrestricted sample for 2010-19 includes approximately 15.5
million vacancies in the services sector. To compare these numbers, we need to turn the
ow variable of hiring into the stock of employment. Shimer (2012) documents a job
separation rate of 3.4 percent for the US. If we also assume this number for India, this
implies 6.4 million job ads over 10 years. This disregards the growth of India's service
sector, however, and if we assume that one quarter of job posts are replacement and
three quarters are employment growth, this implies about 25.7 million job ads should be

1See the January 2022 Quarterly Employment Survey, available ahttps:/static.pib.gov.in/
WriteReadData/specificdocs/documents/2022/jan/doc20221104101.pdf



expected in the formal services sector over the course of 10 years. For this rough estimate,
our coverage would be approximately 60 percent. While this back-of-the-envelope estimate
is necessarily imprecise due to the lack of comprehensive worker censuses over our full
sample period, we consider it nonetheless reassuring that our data are likely to re ect a
substantial share of the market that we aim to understand.

We next consider the composition of the data relative to three widely used admin-
istrative datasets: rm balance sheet data from Prowess, and nationally representative
labor surveys conducted in 2011-2012 (the National Sample Survey) and in 2017-2018 (the
Periodic Labour Force Survey). The industry distribution of services rms in the vacancy
data and the Prowess rm dataset are shown in Figure A.2 Panel (a). The distribution
of vacancies is shown in Panel (b), alongside the distribution of equivalent white-collar
services sub-industries in the pooled National Sample Survey (NSS) and Periodic Labour
Force Survey (PLFS)? The vacancy dataset has relatively fewer nance, insurance and
real estate rms than Prowess, but a greater share of vacancies in that sector relative to
the representative labor surveys. The national surveys also report relatively more workers
in education and transportation, likely because they include public sector workers, whereas
the vacancies and Prowess balance sheet data include only private rms. Panel (c) shows
the distribution of occupations in the vacancy data in contrast to the national surveys. As
would be expected, the vacancy data is over-representative of high-skill white-collar jobs
and under-representative of lower-skilled jobs, such as shop assistants or security guards,
which are more typically lled through referrals and o ine hiring. Panel (d) compares the
number of rms over time in Prowess and the vacancy data. Prowess is not a rm census
but is instead based on rms' published nancial reports; it signi cantly over-represents
India's largest rms (Goldberg et al. 2009)3 In contrast, the barrier to appearing in
our vacancy dataset is low, since the process for setting up an account and posting an
online job advert is simple and does not require accounting expertise or other specialized
training. We therefore see substantially more rms in the vacancy data than in Prowess,
albeit with the total number of rms following a similar trajectory over time.

2We de ne white-collar services workers in the NSS context as salaried workers in divisions 1-5
of the 2004 Indian National Classi cation of Occupations, i.e. excluding agricultural, shery, craft,
manufacturing, elementary and unclassi ed workers.

3Speci cally, Prowess contains longitudinal balance sheet data on all publicly listed and many large
private Indian rms, as long as they submit nancial statements to the government. About a third of
Prowess rms are publicly listed, and even among those, some do not submit nancial statements to the
government (Alfaro & Chari 2009). There are many rms that both are not listed and do not submit
nancial statements, so do not appear in the dataset.
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Figure A.2: Comparison of vacancy data with Prowess rm-level data and labor force surveys
(a) Firm distribution (b) Worker/vacancy distributions

(c) Occupation distribution (d) Number of rms by year

Notes: These gures compare the composition of our vacancy dataset (red) to that of available administrative datasets (blue). Panel (a) shows the distribution of rms across industries
relative to Prowess. Panel (b) compares the distribution of vacancies to that of workers in the NSS and PLFS. Panel (c) shows the distribution of white-collar services occupations relative to

NSS and PLFS. Panel (d) compares the number of rms in the vacancy data to that in Prowess.



We can also compare the sectoral distribution of vacancies over time to the sectoral
distribution of workers in labor force surveys over time. For labor force surveys, Figure
A.3 plots data from the years when the NSS and PLFS labor force surveys were conducted
(2011, 2012, 2017 and 2018). For our vacancies data, we draw on all available years. Panel
(a) shows the distribution of survey workers by 2-digit industry and Panel (b) shows
the distribution of vacancies by 2-digit industry. Both panels show that industry shares
remain largely constant. The discrepancies in the distributions by source also remain
roughly constant|e.g. the Information sector is similarly overrepresented in our data
relative to the labor force surveys in every year, and the Education sector is similarly
underrepresented in our data in every year.

Finally, we examine the rm size distribution in our data by comparing the distribution
of vacancies per rm to the distribution of employees per rm in Prowess. Figure A.4
shows the results; in both cases, we focus on rms active between 2010 and 2019 and in
the services sector. Comparing Panels (a) and (b) illustrates that Prowess is missing the
left-tail of the distribution, as expected by its focus on large rms that report nancial
statements. When analysing employment per rm and vacancies per rm for the subset
of rms larger than the median in Prowess (about 3,500 employees), we show in Panels
(c) and (d) that our vacancies dataset has a rm size distribution very similar to Prowess.



Figure A.3: Industry shares in vacancy data and labor force surveys over time

(a) Sectoral distribution of survey workers, 2-digit industries

(b) Sectoral distribution of vacancies, 2-digit industries

Notes: These gures compare the industry composition of the labor force surveys (NSS and PLFS, top) to that of our

vacancy dataset over time (bottom).



Figure A.4: Histogram of employment per rm (Prowess) and vacancies per rm (vacancies
data)

(a) Employment per rm (Prowess) (b) Vacancies per rm (vacancies data)

(c) Employment per large rm (Prowess) (d) Vacancies per large rm (vacancies data)

Notes: Panel (a) shows a histogram for employment per rm in Prowess, while Panel (b) shows a histogram for posted
vacancies data per rm in our vacancies data. Panel (c) restricts the employment per rm in Prowess to values above
the median and Panel (d) restricts vacancies per rm in our vacancies data by the same cut-o, i.e. the rm size median

in Prowess. For both histograms, we restrict the sample to the services sector and to rms active in our sample period,

2010-2019.



A.3 Details on the restricted sample

This section provides further details on the ‘restricted sample’, i.e., the sample on which
we run our main long-di erence regressions. This sample re ects three sets of restrictions.
First, as with all analysis in the paper, we focus on non-remote, full-time, permanent jobs
located in India in the white-collar services sector. Second, and as with all causal analysis
in the paper (i.e., excluding the descriptives in Section 3), we focus on "Al-using' industries
only (as opposed to also including "Al-producing’ industries). Finally, and in contrast to
the event study in Section 6.2, we focus only on establishments that post vacancies in both
the baseline (2010-2012) and endline (2017-2019). Table A.2 summarizes the vacancies
data at each stage of data restriction. While the number of rms, establishments and
cities drops substantially at the nal step, the total number of vacancies posted is less

a ected, re ecting the long tail of small establishments that only appear in the sample in

a small number of years. The mean experience remains similar across the levels of data
restriction, whereas the Al share rises from roughly 0.5% in the unrestricted sample to
0.8% in the restricted sample, re ecting the larger incumbent establishments that post in
both periods. Mean salary falls by approximately 100,000 INR.

Table A.2: Vacancies data at di erent stages of data restriction

Stage Vacancies Firms Establishments Cities Al share Mean Salary Mean Experience
Unrestricted 19,084,725 203,951 973,219 28,586 0.478% 273,883 1.83
Only domestic & non-remote jobs 18,264,142 196,745 912,749 28,478 0.498% 203,196 1.82
Only full time permanent jobs 14,181,508 158,616 652,585 19,831 0.589% 203,526 1.795
Only service sector 14,160,726 158,475 651,457 19,699 0.589% 203,569 1.794
Only Al-using 8,032,318 109,178 482,755 16,335 0.354% 166,528 1.826
Only baseline and endline years 5,152,571 82,642 361,471 11,408 0.422% 177,972 1.839
Only est. posting in both periods 1,533,481 5,605 24,485 442 0.81% 166,519 1.848

Notes: Descriptive statistics and number of observations at di erent stages of data restriction. The rst row describes the
vacancies data in their entirety, whereas the nal row describes the vacancies data underlying the main sample used in our

analysis, which forms rst di erences.

Table 2.1 in the main paper shows summary statistics for the restricted sample
(pooling 2010-12 and 2017-19, unless otherwise stated). Table A.3 provides further
summary statistics for di erences between the baseline and endline. Lastly, Figure A.5
shows histograms of key variables and of the log of these variables.



Table A.3: Dierence (2017-19 over 2010-12) descriptives of vacancy data in restricted
sample, all jobs and Al jobs only

Di erence in All Jobs Al Jobs
Mean # Posts 22 .65
90th Percentile # Posts 50 0
Mean Al Share A7% -
Mean Annual Salary, Rupees 17,000 23,000
Median Annual Salary, Rupees 16,000 18,000
90th Percentile Annual Salary, Rupees 27,000 77,000
10th Percentile Annual Salary, Rupees 6,000 16,000
Mean Required Work Experience, Years 15 15
Median Required Work Experience, Years .18 .18
Median Postgraduate Share 0 0
90th Percentile Postgraduate Share 22% 71%

Notes: Descriptive statistics overall and within Al jobs only.

Figure A.5: Histograms of key variables

(a) Growth in Total Posts (b) Growth in log of Total Posts

(c) Growth in Non-Al Wage O ers (d) Growth in log of Non-Al Wage O ers

Notes: This gure shows histograms for growth in vacancies and growth in non-Al wage o ers. The left hand side shows
growth in levels and the right hand side shows growth in the log of the respective variable. For growth in levels, we display

the variables winsorized at the 1 percent level to exclude outliers and improve the legibility of these graphs.
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A.4 Calculating the Al wage premium

This section provides details on our calculation of the Al wage premium. When including
industry-region, industry-time and region-time xed e ects, we nd that Al posts on
average o er 30 percent higher wages than non-Al posts (see model (1) of Table A.4).
However, this may be driven by the highest-paying rms also disproportionately hiring
Al roles. Therefore, we add rm xed e ects to control for di erences between rms in
model (2). Even in this case, Al posts pay 19 percent more relative to the average non-Al
post. Finally, posts that require Al skills may simply be di erent types of jobs. Models
(3) and (4) therefore include xed e ects for the occupation and role, using respectively
the NCO 2004 classi cation codes and the more granular role label built into the online
jobs site. A substantial Al premium of 13-17 percent remairts.

4The interpretation of the control variables is as follows. An extra year of experience is associated
with a more than 35 percent higher salary (at least within the predominantly early-career jobs posted on
the site { see Figure 3.3), while having a Master's degree is associated with up to 10 percent higher salary.
In this sample, having only a high school education is associated with wage o ers 3-6 percent below the
baseline of having an undergraduate degree, though this gure is likely a dramatic underestimate of the
e ect, given the major under-representation of lower-skilled professions on the platform. The relationship
between wage o ers and having a doctoral degree is expressed predominantly through the rm- and
role-e ects: conditional on rm and occupation/role, there is no signi cant relationship to salary, but
without such conditioning salaries are 7-13 percent higher. This is consistent with the wage o er premium
for workers with doctorates being driven by taking higher-skilled jobs at more advanced rms.
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Table A.4: Wages in Al vs. non-Al roles

log Annual Salary

@ &) ©) 4)

Al post 0.318 0.198 0.128 0.174
(0.0484) (0.0358) (0.0220) (0.0422)

Experience Required (Years) 0.470 0.411 0.386 0.351

(0.00693) (0.00797) (0.00787) (0.00818)

High School 0.00481 -0.0644 -0.0408 -0.0395
(0.0788) (0.0192) (0.0185) (0.0172)

Master's 0.104 0.0774 0.0448 0.0198
(0.0144) (0.00990) (0.00781) (0.00814)

Doctorate 0.131 0.0741 0.0132 0.00218
(0.0588) (0.0417) (0.0325) (0.0339)

Fixed E ects:

{ Industry-Region X X X X

{ Industry-Year X X X X

{ Region-Year X X X X

{ Firm X X X

{ Occupation Code X

{ Role Label X

R? 0.343 0.535 0.556 0.577

Observations

14012499 13976759 13275348 13976757

Notes: Standard errors in parentheses. * p <0.10, * p <0.05, ** p <0.01. All regressions include industry-region,

industry-time and region-time xed e ects, and models (2)-(4) also include rm xed e ects.

Al post is a dummy such that

the coe cient is the percentage increase in annual salary associated with posts requiring Al skills, after accounting for

the control variables and xed e ects. Similarly,

Experience is measured in years, so the coe cient re ects the percentage

salary increase associated with an additional year of experience. The education variables are dummies, with the baseline

category being a Bachelor's degree; for instance, High School re ects the percentage salary decrease associated with posts

that only require a high school education. The Occupation Code xed e ect also accounts for variation across India's 4-digit

Role Label xed e ect accounts for variation across

National Classi cation of Occupations codes, while the more granular

the rm-speci ed role categories built into the jobs portal. Standard errors clustered at the rm level.
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A.5 Further descriptives on Al demand and exposure

This section collects additional descriptives on Al demand and exposure. As with Section
3, these gures all cover both the Al-producing and Al-using sectors. Figure A.6 repeats
Figure 3.1 for the number of posts instead of their share. Figure A.7 plots the cumulative
share of Al posts against the corresponding share of all posts. The distribution of cities'
shares of Al posts and all posts is shown in Figure A.8, while the city-wise distribution of
Al posts over time is shown in Figure A.9. The top 20 roles demanding Al skills in our
analysis are listed in Figure A.10. Figure A.11 decomposes the Al share of job posts by
establishment age. Table A.5 lists examples of nouns that frequently appear in connection
with the top ten verbs that are relatively more common in Al posts, as described Table
3.15

Figure A.6: Trends in Al demand, number of posts

(a) Most demanded Al skills (b) Number of Al posts, by industry

Notes: Panel (a) shows the number of all vacancies that specify particular Al skills, for the top ve most demanded skills.
Panel (b) shows the number of vacancies that are Al vacancies, both for all industries together and within each of the top

ve industries by Al share.

5See Table 10 in Webb (2020) for a similar list of the top verbs and example nouns extracted from Al
patents (and hence used to construct his exposure measure).
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Figure A.7: Al posts by rm size Figure A.8: Shares of posts by city

Notes: We plot the cumulative share of Al posts against the

corresponding cumulative share of all posts, for the whole period

2010-2019. The red 45 line indicates a one-for-one increase

in the share of Al posts relative to all posts. The deviation of

our scatter plot from the 45  line shows the extent to which Al

vacancies are disproportionately posted by the largest rms.

Notes: Bars show the shares of all posts and Al
posts across cities, for the entire period 2010 to

20109.

Table A.5: Verbs in Al posts and example nouns

Verb Example nouns

Learn Market Trends, Customer Needs, Framework, Data Analysis, Decision-Making Models
Develop Solutions, Value Proposition, Automation Tools, Data Pipeline, Insights, Models
Process Images, Data, Complaints, Requests, Financial Transaction, Files, Natural Language
Program Software Solution, Process, User Experience, Simulation, System

Predict Sales, Spending, Growth, Demand, Data Patterns, User Behaviour, Market Changes

Build Technology, Data Infrastructure, Digital Products, Processes, Roadmap

Work Data, Digital Transformation, Solution, Problem-Solving

Design Interface, Strategy, Work ow, Campaign, Algorithm, User Journey, Dashboard
Advance | Business, Career, Company, Credentials, Brand, Operations, Automation Strategies, Technology
Compute Statistics, Metrics, Averages, Projections, Results, Scores, Costs, ROI

Notes: This table repeats the top ten verbs that are relatively more common in Al posts, as described in Table 3.1, and

provides examples of the nouns with which they frequently appear.
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