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Abstract

The following paper comprises one of the first empirical studies on the firm determinants of Al
adoption. The analysis relies on novel firm-level data on Al use by application and source for
businesses in South Korea from 2017 and 2018. The econometric assessment identifies several
firm characteristics important for Al use, specifically firm size and use of intangible assets. These
characteristics are significant for Al adoption regardless of the technology’s source (i.e., produced
in-house or obtained from a vendor) with some heterogeneity across different operational
applications (i.e., product/service development, sales, organizational management, and so on).
Furthermore, Al is adopted in tandem with bundles of other digital technologies including big
data, cloud computing, and the Internet of Things that facilitate data collection, usage, and
processing. Finally, Al adoption corresponds with contemporaneous firm reorganization, however
the channel through which this occurs is unclear.
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1) Introduction

Acrtificial intelligence (Al) is becoming an obtainable technology for firms. This is in part
driven by advances in Al research, increased investments in Al firms, and more cost-effective
access to computing and storage technology delivered by the cloud (OECD 2020; Schmelzer 2020;
lansiti and Lakhani 2020). Firms embed Al into a host of business operations by applying Al-
based techniques to a growing number of tasks, including prediction, automation, process
optimization, text classification, and text-to-speech conversion (lansiti and Lakhani 2020;
Davenport and Ronanki 2018; European Parliament 2020). In the coming years, Al will
dramatically change how firms organize, compete, and engage with customers, with some
suggesting that Al is the next general-purpose technology (GPT) (lansiti and Lakhani 2020;
Goldfarb, Taska and Teodoridis 2020; Agrawal, Gans, and Goldfarb 2018; Brynjolfsson and
McAfee 2014).

Survey research provides some insights into the use of Al. Early surveys (administered by
consultancy companies) which targeted larger firms and had small samples, typically found
unexpectedly high adoption rates ranging from 20 to 30 percent (Knight 2020). More recently,
national statistical agencies administered surveys to a representative sample of firms in the United
States (US) and Germany. These studies reveal important Al use patterns: i) usage rates are
considerably lower than found by previous surveys, and ii) descriptive analysis suggests the
importance of firm size and technology complementarity (such as big data and the cloud) for Al
use (Cho et al. 2021; Zolas et al. 2020; Rammer et al. 2021). However, due to the preliminary
nature of these Al-related surveys, much of the data is cross-sectional, thus empirical evidence on
Al adoption is limited.?

This paper conducts one of the first studies on firm-level Al adoption, relying on a
relatively unused firm-level dataset on Al usage administered by the Office of National Statistics
in South Korea. Data includes detailed information on Al use, firm financials, organizational
changes, and complementary technology usage for the years 2017 and 2018. Using this data, we
identify the firm characteristics that influence Al adoption and determine whether heterogeneity

exists in terms of where Al is being implemented (such as sales, product/service development,

2 One early and insightful exception is Goldfarb et al (2020), which uses job postings for a number of IT positions as
proxy for ML/AI diffusion, suggesting that labor demand can be used to measure technology adoption (Tambe and
Hitt 2012).
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organizational management, etc.) and where it is sourced (developed in-house or an external
provider). This paper also explores the extent to which external partnerships matter for Al
adoption, whether complementarities exist with other emerging technologies such as cloud
computing, big data, and the Internet of Things (loT) and if reorganization is occurring alongside
Al implementation. The panel data enables us to assess relatively unexplored time dimensions of
Al technology adoption, such as whether complementary investments and firm reorganization are
a precursor to Al adoption or if they occur contemporaneously.

We are motivated to understand what drives Al adoption for several reasons. First, the use
of new technologies is important for firms’ competitive gains and innovativeness at the micro-
level (Jin and McElheran 2018; Cardona, Kretschmer and Strobel 2013; Brynjolfsson and McAfee
2014; Bloom, Sadun and Van Reenen 2012; Syverson 2011) and economic growth disparities at
the macro-level (Niebel 2018; Fernald 2014; Timmer et al. 2011; O’Mahoney, Van Ark and
Timmer 2008). The implementation of this technology may therefore lead to concentrated job
losses (Acemoglu et al. 2020; Acemoglu and Restrepo 2020; Silva et al. 2019; Frey and Osborne
2017; Brynjolfsson and McAfee 2014) and widening income inequality (Bessen, Denk and Meng
2021; Van Reenen 2011; Aghion, Howitt and Violante 2002). Moreover, history provides
numerous examples of social upheavals coinciding with the diffusion of GPTs (Fischer 1966;
Foster 2003; Berlanstein 1992).

When firms adopt Al, they face a cost/benefit tradeoff where certain attributes are more
complementary to Al-driven performance gains; therefore, firms with those characteristics may be
more likely to adopt the technology. Firm size is an important deterimant of technology adoption,
as larger firms tend to have greater amounts of knowledge-based capital, accumulated technology,
and financial strength (Gibbs and Kraemer 2004; Claessens and Tzioumis 2006; Hall and Lerner
2010). Firm age is also a likely determinant for technology adoption, since young firms are thought
to have newer assets and more flexible business models which may be more compatible with newer
technologies (DeStefano, De Backer and Moussiegt 2017; Haller and Siedschlag 2011; Luque
2000; Baldwin and Rafiquzzaman 1998).2 The diffusion of frontier digital technology also
corresponds with firms becoming increasingly more reliant on intangibles such as data, intellectual

property, and R&D, thus pointing to the importance of intangible assets for Al adoption (Haskel

% However, older firms may have greater amounts of accrued know-how, potentially allowing them to adopt and
exploit advanced technology more effectively than young firms (Arvanitis & Hollenstein, 2001).
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and Westlake 2017; Byrne and Corrado 2017; Bryne et al. 2018; Andres, Niebel and Viete, 2020;
DeStefano et al. 2020). In addition, foreign-owned firms are typically found to exhibit higher levels
of productivity and use more technology, which may also be related with Al adoption (Lopez-
Acevedo 2002; Griffith, Redding and Simpson 2002). This paper contributes to the literature on
digital diffusion by assessing the extent to which these characteristics matter for Al adoption.

The use of complementary technologies is also likely to determine Al adoption, notably
those which facilitate data collection, analysis, and processing/storage. Anecdotally, firms wishing
to use Al require large datasets to train their algorithms, which are collected and assessed at scale
by IoT and big data practices and processed and stored on cloud computing services (Firouzi et al.
2021; lansiti and Lahkani 2020; Ramraj 2020; OECD 2019a).* While likely evident to
practitioners, academic papers on digital diffusion tend assess the adoption and/or performance
effects of a single technology rather than bundles (Cordona et al. 2013). Similarly, amongst
policymakers, most Organization for Economic Cooperation and Development (OECD) member
countries design policy frameworks to either encourage the use of one particular technology or
target capital investments more generally, while excluding technology acquired through services
such as cloud computing and big data (Tax Foundation 2018; Andres et al. 2020; DeStefano et al
2020).° This paper tests the importance of technology complementarities for Al and identifies
whether timing (ex-ante or contemporaneous) matters for adoption. Insights gained from this paper
will inform both managers considering whether to use Al and policymakers trying to foster
technology diffusion.

As with previous digital tools, implementing new technologies will likely require firm
restructuring (Bresnahan et al. 2002: Forman and McElheran 2013; Brynjolfsson et al. 2019).
Recent work by lansiti and Lahkani (2020) suggests that Al use requires considerable firm
reorganization, including breaking down siloes, sharing data across the organization, hiring skilled
data scientists, and adjusting management practices. These activities may induce firms to downsize
parts of the organization (such as branches that carry out repetitive white-collar tasks) while
expanding others (like the IT and data science teams). However, when making such changes, firms
are faced with various supply-side constraints. For example, the current shortage of data scientists

4 A recent paper by Firouzi et al 2021 discusses, in detail, the interplay between, 10T, cloud computing, data
practices and Al.

5 This has been found to discourage firms from adopting cloud computing and data analytics (DeStefano et al. 2020;
Andres, et al. 2020).
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and skilled Al workers may require companies to relocate parts of their operations closer to
technology hubs and/or universities, including Silicon Valley, Boston, Seattle, etc (Randazzo et
al. 2021; Heston and Zwetsloot 2020). We examine the relationship between Al and firm
reorganization and identify when these changes occur in the adoption process.

To preview our results, we find that the types of firms that are adopting Al are those that
are large and those that use intangibles intensively. These results are consistent when we examine
the adoption by source (either produced in-house or outsourced) with some heterogeneity by
application. We also identify several technologies which appear to be important complements for
Al, notably loT, cloud computing, and big data; the timing of technology application plays a role
as well. Finally, our analysis finds evidence that firm reorganization is correlated with
contemporaneous Al adoption however it is not clear through which channel restructuring is
occurring.

The rest of the paper is organized as follows. In Section 2, we define Al and discuss the
history around the technology. In Section 3, we discuss the data used, while Section 4, highlights
the empirical strategy used in this paper. The descriptive and empirical results are presented in
Section 5. In Section 6, we provide a summary of the results with some insights for future research.



2) What is Al?

While there is no internationally recognized definition for Al, a G20 Memorandum of

Agreement offers the following agreement on the basic components of Al. (OECD 2019b):

e Machine-based system that can, for a given set of human-defined objectives, make predictions,
recommendations or decisions influencing real or virtual environments.

e Uses machine and/or human-based inputs to perceive real and/or virtual environments; abstract
such perceptions into models (in an automated manner, e.g., with ML or manually)

e Uses model inference to formulate options for information or action. Al systems are designed to
operate with varying levels of autonomy

The concept of Al has its roots in antiquity (Cave et al. 2020); however, the basis for our
modern understanding originates in the 1950s from researchers such as Alan Turing, who proposed
a mathematical theory where computers could deduct information from simple symbols such as 0
and 1. While the field of research commenced in 1956 (at a summer workshop on Al at Dartmouth
College), development stalled in the mid-1970s due to slow research progress and declining
funding (Anyoha 2018). Renewed interest in Al occurred roughly a decade ago and coincided with
greater availability of data, cheaper storage techniques, and advanced processing capabilities (Paik
et al. 2020).

Al advances are translating into greater varieties of applications and is expected to increase
in the future.® For example, in product development, Al can be used for digital testing, making
prototype predictions, identifying defections, facilitating generative designs, and so on. Marketing,
sales, and customer management operations employ Al to assist with tasks ranging from
transcribing sales calls to analyzing callers’ emotions (Balkken 2019). Firms are finding a growing
number use cases for Al within production and logistics processes, such as predicting demand and
supply forecasts, assisting with warehouse management, planning performance optimization, and

so on (lansiti and Lakhani 2020; Davenport and Ronanki 2018; European Parliament 2020). The

® There are differences in the types of Al/machine learning (ML) commonly used in firms, such as supervised,
unsupervised, and reinforced learning. Supervised learning algorithms learn from known data (with labeled input-
output pairs) to predict outcomes within unforeseen data. Unsupervised learning allows the algorithm to self-discover
data to make outcome predictions. Reinforced learning lies between the two previous examples; the system makes
predictions by independently assessing data and exploiting available input/output information (Loukas 2020).



richness of the data used in this paper allows us to assess the firm determinants of different Al
applications over time.

Businesses acquire Al through two main sources. First, firms can produce their own Al in-
house. Firms that tend to build Al in-house typically use the technology to drive their core business
objectives. Moreover, they tend to be large, data-intensive, have more human capital, and enjoy
deeper financial resources (Forbes 2019). Al acquired through third-party suppliers tends to be
used for less-essential activities. Thus, Al as a service may be better-suited to younger, smaller
firms with limited access to finance. However, they may also be appropriate solutions for large
and technologically-sophisticated companies seeking advanced analytical tools for more
specialized use cases (Rowan 2020). To date, there is scant research on the rates of in-house versus
outsourced Al deployment and the determinants of their adoption. This paper aims to contribute
to this area.

3) Data

This paper relies on a firm-level dataset from the Survey of Business Activities from
Statistics Korea (KOSTAT), the national statistical agency of the government of South Korea.
Since 2005, KOSTAT has conducted comprehensive surveys on business activities for a
representative sample of firms. The aim of the survey is to provide detailed data on changes in the
South Korean economy’s, industrial structure. KOSTAT collects information on various aspects
of firm characteristics and business environments, such as business performance, technology use,
diversification, partnerships, restructuring patterns, etc. The survey targets corporations with at
least 300 million KRW (roughly 250,000 USD) in capital stock, thereby covering approximately
11,063 firms across all industries in our sample.”  The survey is conducted by either firm visitation
or online-based questionnaires and supplemented with administrative data on business
information.

In 2018 and 2019, KOSTAT added questionnaires on the use of advanced digital
technologies to track the diffusion of Industry 4.0 technologies. This dataset contains information

on firm-level Al use, both by applications, and sourcing. The KOSTAT data also features

7 For enterprises in wholesale and retail trade and other service industries, enterprises with fewer than 49 full-time
employees are included in the target population if their capital stock is valued at one billion KRW or more.
8 Summary statistics can be found in Table Al in the Appendix.
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information on the use of other emerging digital technologies, including (but not limited to) 10T,
cloud computing, big data, and 5G (see Table 1 for definitions of these technologies).® The
inclusion of these technologies in the dataset enables us to test the perceived importance of

technology bundling when adopting Al.

Table 1 Technology definitions

Technology Type Definitions
A technology that enables machines to become intelligent, including the
ability to learn, deduce, perceive, and understand natural language through
Artificial computer programs, to perceive, analyze, determine response and act
Intelligence appropriately in its environment. For a given set of human-defined
objectives, make predictions, recommendations, or decisions influencing
real or virtual environments (OECD, 2019a).
Smart sensors and services that communicate information between people
to people, people to things, and things to things by interconnecting all
objects via the Internet. (OECD 2017b).
Cloud computing is a service delivered by third-party providers which
enables pay as you go on-demand network access to a shared pool of
Cloud Computing | configurable computing resources (e.g., networks, servers, storage,
applications, and services) that can be rapidly provisioned and released with
minimal management effort or service provider interaction (NIST 2011)
The practice of collecting, processing, and analyzing large volumes of
Big Data digital data on a massive scale. The types of data may include numerical,
text and imagery data (both structured and unstructured). (OECD 2017b).
The next-generation mobile technologies and services being deployed
(including 5G).

Internet of Things
(1oT)

Mobile

Descriptive statistics

A minority of firms in the sample use Al, but the rate nearly doubled between 2017 and
2018, from 1.4 percent to 2.7 percent (see Figure 1). For those utilizing Al, self-development
represents the preferred source of the technology, with 2.0 percent of firms developing Al in-house
and only 0.7 percent of firms acquiring Al through third-party providers in 2018. Among Al users,

% These and other technologies were selected as the core technologies believed to facilitate Industry 4.0 through
internal discussion by relevant experts.
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most firms (about 64.2 percent in 2018) employ the technology for product/service development
(see Figure 2). Between 2017 and 2018 the increased reliance on Al for sales applications (with
usage rising from nearly 0 percent in 2017 to 10.7 percent in 2018) indicates Al resources are
shifting more to production and sales of new products rather than towards management and
efficiency-enhancement applications. Additionally, given the proportional change in application

over time, it appears that firms are still in the process of experimenting with the technology.

Figure 1: Share of Al use by source in 2017 and 2018
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Figure 2: Al by application amongst Al users in 2017 and 2018
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Figure 3 illustrates the use of Al by firm size over the sample period. Overall, larger firms
are more likely to use Al than smaller firms, a trend that has strengthened over time. In 2018, 5.6
percent of large firms (250+ employees) used Al in comparison to 2.0 percent for medium firms
(50 to 250 employees) and 1.6 percent for small firms (<50 employees). At the same time, Al use
across all size cohorts increased between 2017 and 2018.

In terms of age, young firms are adopting at a greater rate than mature firms in both sample
periods (See Figure 4). In 2018, 5.5 percent of young firms (those five years old or less) used Al
versus 2.6 percent for mature firms (those older than five years). Considerable heterogeneity in Al
use is found across sectors (See Table 2). Unsurprisingly, data-intensive sectors, such as the
information and communication industry, have the greatest proportion of adoption at 12.6 percent,
followed by financial and insurance at 8.7 percent. Over the sample period, steady growth in Al
use is observable in a number of sectors, including education, professional, scientific and technical

services, wholesale and retail and manufacturing, with rates of use more than doubling in one year.
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Table 2: Al use by sector, 2017 and 2018

Sector classification: 1 digit 2017 2018
Agriculture, forestry and fishing 0.0% 0.0%
Mining and quarrying 0.0% 0.0%
Manufacturing 08% 1.7%
Electricity, gas, steam and air conditioning supply 34% 3.2%
Water supply; sewage, waste management, materials recovery 0.0% 0.0%
Construction 04% 1.6%
Wholesale and retail trade 09% 2.3%
Transportation and storage 0.1% 0.4%
Accommodation and food service activities 0.6% 0.6%
Information and communication 6.8% 12.6%
Financial and insurance activities 6.1% 8.7%
Real estate activities 0.0% 0.0%
Professional, scientific and technical activities 1.3% 2.6%
Business facilities management and services; rental and leasing activities 1.0% 1.1%
Education 1.2% 4.5%
Human health and social work activities 0.0% 0.0%
Aurts, sports and recreation related services 0.0% 0.0%
Membership organizations, repair and other personal services 1.1% 1.1%

Source: KOSTAT with calculations made by authors
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4) Empirical strategy

Baseline regressions

We develop the following model to examine the firm determinants of Al adoption (see
Equation 1). y;, is the dependent variable, which signifies Al adoption of firm i at time t. To
capture adoption in the data, y;; =1 if a firm does not use Al in 2017 but does in 2018. Firms that
do not use Al in either 2017 or 2018 are coded 0, while those that use Al in both 2017 and 2018
are dropped. In the baseline regression, the dependent variable measures the adoption of all types
of Al while in subsequent regressions it reflects the adoption of Al by specific application
(including product/service development, marketing  strategy, = production  processes,

organization management) or the source of the technology (in-house or outsourced).

Equation 1
Ayir = Bo + B1Xit=2017 + 1 + Ny + &5

X; represents a vector of firm characteristics for the year 2017. These include (log) sales,
multi-establishment status, log (age+1), foreign ownership, log labor productivity (measured by
value added per worker), and log intangible asset intensity (reflected by the share of intangible
assets over total assets). To control for industrial and regional variation, we use industries (j) and
region (l) fixed effects denoted by n; and n;, which are dummy variables based on the two-digit
code level of the Korean Standard Industry Classification (KSIC) and regions based on the
administrative districts at the state-level. g;; is the error term. Regressions are clustered at the firm

level.

Firm restructuring: Complementary technology use and firm reorganization

The paper also examines whether restructuring is correlated with Al adoption. We assess
restructuring in two ways. First, we examine whether the use of perceived complementary
technologies is important for Al adoption. Second, we analyze whether reorganization (such as

moving, downsizing, or expanding) correlates with Al implementation. The availability of panel
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data allows us to build off the baseline analysis by exploiting the time dimension to assess whether
certain types of firm restructuring are precursors to Al adoption or whether they are happening
simultaneously. The timing of implementation may be particularly relevant for complementary
technologies, as certain technologies need to be in place before using Al (such as tools that
facilitate data collection, an important prerequisite for Al adoption) while others are more likely
to be adopted contemporaneously alongside Al. Furthermore, existing scholarship carries few
implications for the timing of reorganization (measured as expanding, contracting, and relocating
in our data) for Al adoption. For example, if the supply of human capital is critical to a firm’s
goals, they may relocate to obtain talent before adoption. Other adjustments, such as expanding or
contracting, may be more likely to occur during the Al adoption process than before. 1

To assess the timing of restructuring and Al adoption, we use two different empirical
specifications. To evaluate the possible importance of ex-ante restructuring and Al adoption, we
include in our baseline model an additional covariate Z, which measures whether the firm
underwent a form of restructuring in 2017 (See Equation 2). Next, to assess whether these
restructuring practices are occurring simultaneously, we regress Al adoption on the adoption of

each restructuring variable between 2017 and 2018 (See Equation 3).

Equation 2

Ayir = Bo + P1Xit=2017 + B2Zit=2017 + 1j + My + &y

Equation 3
Ayir = Bo + B1Xit=2017 + B2AZ; + 1y + 1y + &

101t may also be the case that the relationship between Al use and reorganization is apparent several periods after
adoption. Unfortunately, we are unable to explore this question with only two years of data.
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5) Empirical results

Baseline firm characteristics and Al adoption

In this section, we present the econometric results on the adoption of Al. We start by
examining the link between firm characteristics and Al adoption. Next, we explore how firm
characteristics predict Al adoption either self-produced or purchased externally. We then uncover
the links between firm characteristics and the types of Al applications adopted, including
product/service development, marketing strategy, production processes, organizational
management, and sales applications.

Table 3 presents our baseline results on the relationship between firm attributes and Al
adoption estimated using OLS, Probit, and Logit. Consistent with previous digital technologies,
firm size is an important determinant for Al adoption, measured by sales and multi-establishment
status. Moreover, investment in intangibles strongly predicts Al adoption.!! This is consistent with
Haskel and Westbrook (2017), which suggests that the use of frontier digital technology
corresponds with firms becoming increasingly more reliant on intangible assets. We also know
that Al is very data intensive, and thus firms which employ intangibles more intensively are more
likely to have a more conducive environment for adoption. Age does not appear to be strongly
correlated with Al, although the coefficient is negative, suggesting younger firms are more likely
to adopt Al.*? The results are also somewhat inconclusive for foreign ownership.*3

Somewhat unexpectedly, labor productivity is negatively correlated with Al adoption.
Typically, the relationship between digital technology and productivity is found to be positive
(Syverson 2011). One explanation may be that firms with lower levels of productivity are adopting
Al to improve their efficiency, however this is unobservable in the data. To explore this further,

we examine whether this result holds when assessing those at the top of the productivity

11 We find consistent results when restricting the sample to firms in data/technology intensive sectors (see Table A2

in the Appendix). Eckert et al (2019) provides a definition for these sectors which include Information, Finance and
Insurance, Professional, Scientific and Technical Services and Management Services sectors.

12 To further assess this result, we construct a dummy variable which captures whether a firm is young, defined as
those aged 5 years or younger. These results do not reveal any conclusive relationship between being young and
adopting Al. Results are available upon request.

13 While the results for foreign ownership suggest limited relevance for Al adoption, it may be the case that the origin
of the parent company (such as being in a high-income country) matters for Al use. We test this by including an
indicator variable equal to one if the parent of the foreign-owned firm is from a high-income country (as defined by
the World Bank 2020). The results are in Table A4 of the Appendix. We find no evidence between ownership by firms
in high-income country and Al adoption.
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distribution. To do so we interact the labor productivity variable with a dummy variable equal to
one if a firm is at the top 10 percent of the distribution at the start of the sample period and zero
otherwise (see Table A3 in the Appendix). The positive and significant coefficient of the
interaction terms suggest that while the effect of productivity is on average negative, for those at
the top of the distribution, productivity positively matters for Al adoption. We explore these results

further by examining adoption by source and application type in the next section.

Table 3: Firm characteristics and Al adoption

Dependent variable: Al adoption Model One Model Two Model Three
Estimation method OoLS Probit Logit
Log(Sales) 0.012%** 0.006*** 0.005***
[0.002] [0.001] [0.001]
Multi-Establishment 0.004 0.004** 0.003*
[0.003] [0.002] [0.002]
Log(Age+1) -0.002 -0.001 -0.001
[0.002] [0.001] [0.002]
Foreign Ownership -0.004* -0.002 -0.002
[0.003] [0.002] [0.002]
Log(Labor Productivity) -0.008*** -0.003*** -0.003***
[0.002] [0.045] [0.001]
Intangible Intensity 0.081*** 0.036*** 0.027***
[0.030] [0.009] [0.007]
Observations 11,063 9,300 9,300
R-squared 0.039

Note: The dependent variable is Al adoption between 2017 and 2018. All independent variables are measured in 2017
levels. Intangible intensity is the share of intangible assets over total assets. Labor productivity is value added per
worker. All models include region and sector fixed effects. Robust standard errors clustered at the firm level are in
brackets. *** p<0.01, ** p<0.05, * p<0.10.

Al adoption by source and application

When assessing the determinants of Al adoption by source (See Table 4), we find
consistent results with the baseline, larger firms and those intensively using intangibles are more
likely to adopt Al through either in-house production or from vendors. Domestic-owned firms in
South Korea are more likely to adopt Al developed in-house, but this does not appear to predict

outsourcing Al. Labor productivity negatively predicts the adoption of self-developed Al but is
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not significantly correlated with non-self-developed Al. However as with self-developed Al, the
coefficient is negative.

The Probit and Logit estimated regressions in Table 5 assess the relationship between firm
characteristics and Al adoption by application.* Firm size is a relevant determinant for the
adoption of all application types except organizational management. Intangible use appears
relevant for product and process applications but not important for marketing strategies and
negatively correlated with organizational management. The results also suggest that young firms
are more likely to adopt Al in the context of organizational management. This may be because
younger firms have less rigid organizational structures, making it easier for them to adopt these
technologies (lansiti and Lakhani 2020). While labor productivity is found to negatively relate to
the adoption of Al overall (in the baseline), when we disaggregate by application, it appears this
is mostly driven by product/service development applications, with a less-distinct relationship

across other applications.®

14 Table A5 in the Appendix aggregates by applications by those relating to sales (product/service development and
marketing strategy) and organization (product process and organization management).
15 The corresponding OLS results can be found in Table A6 the appendix.
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Table 4: Firm characteristics and Al adoption by source

1) () ®3) (4) (%) (6)
Variable In-hour In-hour In-hour Outsource  Qutsource  Outsource
Estimation method OLS Probit Logit OLS Probit Logit
Log(Sales) 0.009*** 0.004*** 0.004*** 0.003*** 0.002*** 0.002***
[0.002] [0.001] [0.001] [0.001] [0.001] [0.000]
Multi-Establishment 0.003 0.003** 0.003* 0.001 0.001 0.001
[0.002] [0.002] [0.001] [0.001] [0.001] [0.001]
Log(Age+1) -0.000 -0.001 -0.001 -0.001 -0.001 -0.001
[0.002] [0.001] [0.001] [0.001] [0.001] [0.001]
Foreign Ownership -0.005** -0.003* -0.002 0.000 0.000 0.000
[0.002] [0.001] [0.001] [0.001] [0.001] [0.001]
Log(Labor
Productivity) -0.006*** -0.003*** -0.002*** -0.001 -0.001 -0.001
[0.002] [0.0001] [0.001] [0.001] [0.001] [0.001]
Intangible 0.064** 0.028*** 0.021*** 0.017 0.011** 0.009**
[0.027] [0.008] [0.006] [0.012] [0.004] [0.004]
Observations 11,063 8,387 8,387 11,063 6,812 6,812
R-squared 0.031 0.016

Note: The dependent variable is Al adoption between 2017 and 2018. All independent variables are measured in 2017
levels. Intangible intensity is the share of intangible assets over total assets. Labor productivity is value added per
worker. All models include region and sector fixed effects. Robust standard errors clustered at the firm level are in
brackets. *** p<0.01, ** p<0.05, * p<0.10.
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Table 5 Firm characteristics and Al adoption by application, Probit and Logit estimation

(1) (2) (3) (4) (5) (6) (7) (8)
Variables Product/Service Marketing Strategy Product Processes Organization Management
Development
Estimation method Probit Logit Probit Logit Probit Logit Probit Logit
Log(Sales) 0.004*** 0.003*** 0.002* 0.001 0.002*** 0.001*** 0.001 0.001
[0.001] [0.001] [0.001] [0.001] [0.001] [0.001] [0.000] [0.001]
Multi-Establishment 0.003* 0.003* -0.000 -0.000 0.001 0.001 -0.001 -0.001
[0.002] [0.002] [0.002] [0.002] [0.001] [0.001] [0.001] [0.001]
Log(Age+1) -0.001 -0.001 -0.000 -0.000 0.001 0.000 -0.002* -0.001*
[0.001] [0.001] [0.001] [0.001] [0.001] [0.001] [0.001] [0.001]
Foreign Ownership -0.001 -0.000 -0.006%** -0.006** -0.001 -0.000 -0.001 -0.001
[0.001] [0.001] [0.002] [0.002] [0.001] [0.001] [0.001] [0.001]
Log(Labor
Productivity) -0.003*** -0.002%*** -0.001 -0.001 0.000 0.000 -0.000 -0.000
[0.001] [0.001] [0.001] [0.001] [0.000] [0.000] [0.000] [0.000]
Intangible Intensity 0.019*** 0.014*** 0.011 0.009 0.015%** 0.012** -0.017 -0.015
[0.007] [0.005] [0.008] [0.006] [0.005] [0.005] [0.012] [0.012]
Observations 7,424 7,424 2,381 2,381 4,568 4,568 1,925 1,925

_Note: The dependent variable is Al adoption between 2017 and 2018. All independent variables are measured in 2017 levels. Intangible intensity is the share of
intangible assets over total assets. Labor productivity is value added per worker. All models include region and sector fixed effects. Robust standard errors
clustered at the firm level are in brackets. *** p<0.01, ** p<0.05, * p<0.10.
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Al adoption and complementarities

Technology bundling

In this section, we examine the importance of complementary technologies for Al adoption.
In addition, we explore whether the timing of complementary investments (either before or during
adoption) relates to the adoption of Al. While most of the empirical literature focuses on the
determinants and performance effects of a single technology, firms often deploy these technologies
in bundles at various points in time. The same is likely true for Al. Practitioners suggest that Al
requires large datasets to train algorithms (Paik et al. 2020). To obtain such data, firms likely
require technologies that collect information (either on the firms themselves or their customers),
such as loT. Given the data intensity of Al, it is also likely that firms require flexible and scalable
hardware services delivered through the cloud, along with data practices for using and assessing
large amounts of information, such as with big data analytics (lansiti and Lahkani 2020; Firouzi,
Farahani, and Marinsek 2021).

The results in Table 6 demonstrate the relationship between complementary technology
and Al adoption, both ex-ante and contemporaneously. There is some evidence that the use of ex-
ante loT is a determinant for Al adoption, which is consistent with the function of the technology
i.e. using smart sensors between devices and people that collect and communicate data on their
actions and responses over time (OECD 2017b). These technologies generate large quantities of
data, which appears to be a prerequisite for Al. However, having the other technologies in place
prior to Al adoption seem less important.

On the other hand, our results underscore the potential importance of adopting these
technologies contemporaneously with Al. Notably, firms appear to be simultaneously
implementing cloud computer, big data, and 10T technologies along with Al. Given Al’s data
intensity, these findings imply that firms should also be 1) adopting technology that enhances their
ability to collect data (i.e., through 10T), 2) improving how they assess and exploit large datasets
(i.e., big data analytics), and 3) enhancing their flexibility in how they store and process of large

sums of data (i.e., cloud computing).

20



Table 6: Complementary technologies and Al adoption

Dependent variable: Al adoption Model 1 Model 2 Model 3 | Model4 Model 5 Model 6
Technology adoption before Al Technology adoption during
adoption Al adoption
Estimation method OoLS Probit Logit OLS Probit Logit
Big data in 2017 0.021 0.005 0.004
[0.022] [0.006] [0.005]
Cloud in 2017 0.001 -0.000 -0.000
[0.019] [0.004] [0.004]
loT in 2017 0.051** 0.019* 0.012
[0.022] [0.010] [0.008]
Mobile in 2017 0.030* 0.011 0.006
[0.017] [0.007] [0.005]
Big data adoption: 2017-2018 0.232** 0.087** 0.065***
[0.029] [0.019] [0.017]
Cloud adoption: 2017-2018 0.058***  0.014**  0.009*
[0.022] [0.007] [0.005]
IoT adoption: 2017-2018 0.089***  0.024*** 0.018***
[0.021] [0.008] [0.007]
Mobile adoption: 2017-2018 0.011 0.002 0.000
[0.021] [0.003] [0.002]
Observations 11,063 9,300 9,300 11,063 9,300 9,300
R-squared 0.046 0.171

Note: The dependent variable captures Al adoption between 2017 and 2018. For regressions 1-3, explanatory technology
variables are binary for the year 2017. For regressions 4-6, explanatory technology variables reflect adoption between
2017 and 2018. Regressions include the same firm characteristics measured in 2017 as the baseline models, including
log sales, multi-plant status, log (age+1), labor productivity, foreign ownership, and intangible intensity. All models
include region and sector fixed effects. Robust standard errors clustered at the firm level are in brackets. *** p<0.01, **
p<0.05, * p<0.10.

Al adoption and firm restructuring

The final section examines the relationship between firm restructuring and Al adoption.
The literature demonstrates empirical evidence of firm reorganization of previous digital
technologies (Bresnahan et al. 2002: Forman and McElheran 2013), with initial analysis
suggesting that Al use requires considerable firm restructuring (lansiti and Lahkani 2020).
However, limited empirical research on the extent to which, how, and when firms reorganize

around Al is problematic.
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The restructuring variable used in our analysis indicates whether a firm has undergone any
form of restructuring. This variable is then disaggregated into indicate particular type of
restructuring and includes relocating, downsizing, and expanding.'® We construct our ex-ante and
adoption reorganization variables consistent with the previous section.

Neither of the ex-ante reorganization variables are statistically correlated with Al adoption.
However, we find that contemporaneous changes in reorganization between 2017 to 2018 are
correlated with the adoption of Al over the same period. Restructuring generally (signified by the
reorganize variable) is positive and significant at the 5 percent level across all estimation methods.
Focusing on particular types of reorganization, the coefficients are positive or all forms but not
statistically significant below the 10% level.

This research suggests that although reorganization and Al adoption occur simultaneously,
the relationship is somewhat less pronounced for specific types of restructuring. Nonetheless, it is
likely that more substantial reorganizational changes may occur several years after adopting Al
given that our dataset only spans two years, we are unable to assess these potential long-term

changes.

16 Relocation measures any geographical movement either by the firm or its establishments in the stated year.
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Table 7: Firm reorganization before and during Al adoption

Dependent variable: Al Model Model Model Model Model | Model Model Model Model Model Model
adoption Model 1 2 3 4 5 6 7 8 9 10 11 12
Organizational change before Al adoption Organizational change during Al adoption

Estimation method OLS Probit Logit OLS Probit Logit OLS Probit Logit OLS Probit Logit
Reorganize in 2017 -0.000 0.001 -0.000

[0.006] [0.004] [0.004]
Move in 2017 -0.011 -0.004 -0.005

[0.014] [0.007] [0.005]

Downsize in 2017 0.001 0.000 0.001

[0.009] [0.006] [0.006]
Expand in 2017 0.003 0.004 0.002
[0.011] [0.008] [0.007]

Reorganize in 2017 0.017** 0.012** 0.010**
[0.008] [0.006] [0.267]
Move between 2017-2018 0.044 0.024 0.021
[0.029] [0.017] [0.014]
Downsize between 2017-2018 0.011 0.009 0.007
[0.010] [0.008] [0.007]
Expand between 2017-2018 0.015 0.010 0.008
[0.012] [0.008] [0.007]
Observations 11,063 9,300 9,300 11,063 9,300 9,300 | 11,063 9,300 9,300 11,063 9,300 9,300
R-squared 0.039 0.039 0.039 0.040

Note: The dependent variable captures Al adoption between 2017 and 2018. For regressions 1-6, explanatory reorganization variables are binary for the year 2017. For
regressions 7-12, explanatory reorganization variables reflect adoption between 2017 and 2018. Regressions include the same firm characteristics measured in levels in
2017 as the baseline models, including log sales, multi-plant status, log(age+1), labor productivity, foreign ownership, and intangible intensity. All models include region
and sector fixed effects. Robust standard errors clustered at the firm level are in brackets. *** p<0.01, ** p<0.05, * p<0.10.
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6) Conclusion

Advances in Al development are increasing the technology’s functionality, making it more
obtainable to firms. Businesses are beginning to use Al for a host of operational capabilities across
an increasing variety of projection, automation, optimization, and classification tasks. Al is
expected to have a profound impact on the economy, altering the way firms compete and organize
in the near future. These changes may create a winner-take-all scenario potentially benefiting a
minority of early adopters. As a result, managers, academics, policymakers should remain attentive
to understanding how and when technology adoption occurs.

This paper provides one of the first empirical studies on the determinants of Al adoption.
The analysis relies on novel firm-level data from 2017 and 2018, which contains detailed
information on the use of Al and complementary technologies, firm characteristics, external
partnerships, and organizational changes. Using this data, we econometrically estimate the
relationship between firm types and Al adoption. We exploit the data’s time dimension to examine
whether firm restructuring (measured by the use of complementary technologies and
reorganization) is pertinent either before or contemporaneously with Al adoption.

Overall, we find that large firms and those that use intangibles intensively are more likely
to adopt Al. These results are consistent when we examine the adoption by source with some
heterogeneity by application. The use of data collection technologies (such as 10T) appears to be
an important precursor for Al adoption. In addition, we find evidence that the contemporaneous
use of cloud, big data, and 10T predict Al adoption.

The results in this paper provide new insights into the ways in which firms are adopting
Al. However further study is needed in this area. There are few representative surveys on Al use
across different jurisdictions, thereby complicating cross-country comparisons. In addition, the
existing datasets contain little-to-no information on the quality of technology being adopted due
to the challenges of measuring Al investments and acquisitions. In addition to the adoption
question, considerable research is needed to understand how Al impacts firm performance and
how these impacts differ across space and time. If Al is a GTP (and the evidence suggests that it
is), firms that can implement these technologies effectively will likely achieve considerable

competitive gains against those that do not. We hope to address these questions in future research.
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Appendix

Table A1 Firm descriptives

Variable Obs Mean Median SD pl p99
Log(Sales) 11,065 10.62 10.49 1.46 75 15.01
Multi-Establishment 11,065 0.43 0 0.49 0 1
Log(Age+1) 11,065 3.01 3.04 0.58 1.38 4.14
Foreign Ownership 11,065 0.41 0 0.49 0 1
Log(Labor Productivity) 11,065 5.86 5.83 1.07 3.36 8.74
Intangible intensity 11,065 0.02 0.001 0.07 0 0.36

Table A2 Firm characteristics and Al adoption, Scalable Tradeable Sectors

Dependent variable: Al adoption Model One Model Two Model Three
Estimation method OoLS Probit Logit
Log(Sales) 0.018*** 0.260*** 0.506***
[0.005] [0.056] [0.114]
Multi-Establishment 0.013 0.153 0.340
[0.010] [0.127] [0.279]
Log(Age+1) -0.009 -0.106 -0.216
[0.009] [0.098] [0.206]
Foreign Ownership -0.011 -0.107 -0.219
[0.009] [0.122] [0.265]
Log(Labor Productivity) -0.018*** -0.263*** -0.522***
[0.005] [0.075] [0.158]
Intangible intensity 0.125* 1.421%** 2.472%+*
[0.063] [0.504] [0.953]
Constant 0.004 -2.523*** -4.569***
[0.045] [0.500] [1.048]
Observations 1,822 1,480 1,480
R-squared 0.050

Note: The dependent variable is Al adoption between 2017 and 2018. All independent variables are measured in 2017
levels. Intangible intensity is the share of intangible assets over total assets. Labor productivity is value added per
worker. STS sectors are classified by Eckert et al (2019) and include Information, Finance and Insurance,
Professional, Scientific and Technical Services and Management Services sectors All models include region and
sector fixed effects. Robust standard errors clustered at the firm level are in brackets. *** p<0.01, ** p<0.05, *
p<0.10. The probit and logit results reflect coefficients and not marginal effects. The marginal effect results are in
the process of being released by the South Korean statistical authorities.
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Table A3 Firm characteristics and Al adoption, Labor productivity heterogeneity

Dependent variable: Al adoption Model One Model Two Model Three
Estimation method OLS Probit Logit
Log(Sales) 0.012%** 0.251*** 0.559***
[0.002] [0.032] [0.070]
Multi-Establishment 0.004 0.149** 0.348*
[0.003] [0.073] [0.179]
Log(Age+1) -0.002 -0.052 -0.135
[0.002] [0.054] [0.123]
Foreign Ownership -0.004* -0.096 -0.200
[0.003] [0.069] [0.167]
Log(Labor Productivity) -0.008*** -0.153*** -0.347***
[0.002] [0.053] [0.118]
Intangible intensity 0.001 0.013 0.029
[0.001] [0.018] [0.044]
Labor Productivity * Top 10% 0.081*** 1.458*** 2.953***
[0.030] [0.350] [0.725]
Constant -0.071%** -3.389%** -6.878***
[0.019] [0.455] [1.041]
Observations 11,063 9,300 9,300
R-squared 0.039

Note: The dependent variable is Al adoption between 2017 and 2018. All independent variables are measured in 2017
levels. Intangibles intensity is the share of intangible assets over total assets. Labor productivity is value added per
worker. Top 10% is an indicator variable equal to one if a firm is at the top 10% of the labor productivity distribution
at the start of the sample period. All models include region and sector fixed effects. Robust standard errors clustered
at the firm level are in brackets. *** p<0.01, ** p<0.05, * p<0.10. The probit and logit results reflect coefficients
and not marginal effects. The marginal effect results are in the process of being released by the South Korean
statistical authorities.
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Table A4 Firm characteristics and Al adoption, High Income Country Owner

Dependent variable: Al adoption Model One Model Two Model Three
Estimation method OLS Probit Logit
Log(Sales) 0.012*** 0.254*** 0.566***
[0.002] [0.033] [0.070]
Multi-Establishment 0.003 0.129* 0.296
[0.003] [0.076] [0.185]
Log(Age+1) -0.002 -0.053 -0.135
[0.002] [0.053] [0.122]
HIC owners -0.011** -0.222 -0.558
[0.004] [0.150] [0.375]
Log(Labor Productivity) -0.008*** -0.129*** -0.292%**
[0.002] [0.045] [0.102]
Intangible intensity 0.081*** 1.433*** 2,947 %**
[0.030] [0.348] [0.718]
Constant -0.080*** -3.552%** -7.263***
[0.018] [0.422] [0.948]
Observations 11,063 9,300 9,300
R-squared 0.039

Note: The dependent variable is Al adoption between 2017 and 2018. All independent variables are measured in 2017
levels. Intangibles intensity is the share of intangible assets over total assets. Labor productivity is value added per
worker. HIC is an indicator variable equal to one if the parent company is based in a high-income country (World
Bank 2020) All models include region and sector fixed effects. Robust standard errors clustered at the firm level are
in brackets. *** p<0.01, ** p<0.05, * p<0.10. The probit and logit results reflect coefficients and not marginal
effects. The marginal effect results are in the process of being released by the South Korean statistical authorities.

35



Table A5 Firm characteristics and Al adoption by sales and efficiency applications, Probit and

Logit estimation

1) 2 (3 (4)
Vari Product/Service Development + Product Processes + Organization
ariables M :
arketing Strategy Management
Estimation method Probit Logit Probit Logit
Log(Sales) 0.206*** 0.475*** 0.286*** 0.720***
[0.038] [0.086] [0.052] [0.124]
Multi-Establishment 0.160* 0.374* 0.024 0.095
[0.086] [0.220] [0.132] [0.391]
Log(Age+1) -0.053 -0.130 -0.087 -0.215
[0.062] [0.149] [0.095] [0.250]
Foreign Ownership -0.104 -0.247 -0.111 -0.244
[0.082] [0.203] [0.135] [0.393]
Log(Labor
Productivity) -0.168*** -0.395%** -0.040 -0.089
[0.055] [0.132] [0.064] [0.149]
Intangible intensity 1.112%* 2.338*** 1.136* 3.016*
[0.362] [0.746] [0.636] [1.686]
Constant -2.813%** -5.682*** -5.312%** -12.009%**
[0.451] [1.041] [0.553] [1.463]
Observations 8,392 8,392 5,628 5,628

Note: The dependent variable is Al adoption between 2017 and 2018. All independent variables are measured in 2017
levels. Intangibles intensity is the share of intangible assets over total assets. Labor productivity is value added per
worker. All models include region and sector fixed effects. Robust standard errors clustered at the firm level are in
brackets. *** p<0.01, ** p<0.05, * p<0.10 The probit and logit results reflect coefficients and not marginal effects.
The marginal effect results are in the process of being released by the South Korean statistical authorities.
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Table A6 Firm characteristics and Al adoption by application, OLS estimation

Model One Model Two Model Three Model Four Model Five Model Six
Product/Service Product Processes
Product/Service Marketing Product Organization development + + Organization
VARIABLES development Strategy Processes management Marketing Strategy management
Log(Sales) 0.006*** 0.001 0.003*** 0.001** 0.007*** 0.004***
[0.002] [0.001] [0.001] [0.000] [0.002] [0.001]
Multi-Establishment 0.003* -0.000 0.000 -0.000 0.003 -0.000
[0.002] [0.001] [0.001] [0.001] [0.002] [0.001]
Log(Age+1) -0.001 -0.000 0.001 -0.001* -0.001 -0.001
[0.002] [0.001] [0.001] [0.001] [0.002] [0.001]
Foreign Ownership -0.002 -0.002*** -0.001 -0.000 -0.003* -0.001
[0.002] [0.001] [0.001] [0.001] [0.002] [0.001]
Log(Labor Productivity) -0.005*** -0.001 -0.001 -0.000 -0.005*** -0.001
[0.001] [0.001] [0.001] [0.000] [0.002] [0.001]
Intangible intensity 0.040** 0.007 0.016* -0.005** 0.047** 0.011
[0.019] [0.008] [0.009] [0.002] [0.021] [0.009]
Observations 11,063 11,063 11,063 11,063 11,063 11,063
R-squared 0.030 0.008 0.011 0.011 0.032 0.012

Note: The dependent variable captures Al adoption between 2017 and 2018. All independent variables are measured levels in year 2017. Intangible intensity is
the share of intangible assets over total assets. Labor productivity is value added per worker. All models include region and sector fixed effects. Robust standard
errors clustered at the firm level are in brackets. *** p<0.01, ** p<0.05, * p<0.10.
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