Waiting for Takeoff

The short-term impact of Al adoption on firm productivity

Viet Vu, Vivian Li, Angus Lockhart, Graham Dobbs and Christelle Tessono | December 2024

Toronto

Metropolitan t h e dais

University




Acknowledgements

The Dais is a public policy and leadership think tank
at Toronto Metropolitan University, working at the
intersection of technology, education and democracy
to build shared prosperity and citizenship for Canada.

For more information, visit dais.ca
20 Dundas St. W, Suite 921, Toronto, ON MbG 2C2

@daisTMU

How to Cite this Report

Viet Vu, Vivian Li, Angus Lockhart, Graham Dobbs and
Christelle Tessono, Waiting for Takeoff: The Short-term
Impact of Al Adoption on Firm Productivity. The Dais.
2024. https://dais.ca

Graph data in this report can be found at https://
github.com/thedaisTMU/waiting-for-takeoff.

© 2024, Toronto Metropolitan University
350 Victoria St, Toronto, ON M5B 2K3

eocle)

This work is licensed under a Creative Commons
Attribution-NonCommercial-ShareAlike 4.0
International License. You are free to share, copy
and redistribute this material provided you: give
appropriate credit; do not use the material for
commercial purposes; do not apply legal terms or
technological measures that legally restrict others
from doing anything the license permits; and if you
remix, transform, or build upon the material, you must
distribute your contributions under the same license,
indicate if changes were made, and not suggest the
licensor endorses you or your use.

d’

This work is funded by:

Waiting for Takeoff: The Short-term Impact of Al Adoption
on Firm Productivity is part of the portfolio of work

by the Future Skills Centre, which is funded by the
Government of Canada'’s Future Skills Program.

The opinions and interpretations in this publication
are those of the author(s) and do not necessarily
reflect those of the Government of Canada.

Design and lllustration: Mariana Rodrigues
Copy-Editing : Suzanne Bowness, CodeWord
Communications

Contributor: Nina Rafeek Dow

We thank the participants of two roundtables we
held in relation to this research who gave valuable
feedback and perspectives. We in particular thank
Magnet and its staff for co-organizing one of the
roundtables.

We also thank the members of the research advisory
committee who provided their expertise:

Ryan Kelly

Steven Tobin

Louise Levonian

Sarah Gagnon-Turcotte
Tony Bonen

Zachary Rose

Michelle Alexopoulos
Beryl Li

The Dais proudly engages a diverse group of funders
to support and catalyze our work, consistent with
our values, and subject to a thorough internal
review. As a non-partisan, public-interest institute,
we only accept funds from organizations that
support our mission and enable us to undertake
work independently, with full editorial control. The
names of all of our financial supporters are publicly
and transparently displayed on all online and printed
material for each project or initiative.

WAITING FOR TAKEOFF: THE SHORT-TERM IMPACT OF Al ADOPTION ON FIRM PRODUCTIVITY 2


https://dais.ca/
http://dais.ca
https://dais.ca/about/
http://
https://twitter.com/daisTMU
http://x.com/daistmu
https://ca.linkedin.com/company/daistmu
https://www.instagram.com/daisTMU
https://www.youtube.com/channel/UC2JqwPfyHQBRzRIwyNA1EaA

Authors

OO0OOC

Q.
°

Viet Vu - Manager, Economic Research

Viet Vu leads economics research at the Dais. Viet is interested in how governments
and companies design policies and markets to drive human behaviour. He is also
fascinated by how the world adapts to emerging new markets. Viet holds a Master
of Science in Economics from the London School of Economics and Political Science
and a Bachelor of Arts in Economics with honours from the University of British
Columbia.

Vivian Li - Senior Economist

Vivian Li is a Senior Economist at the Dais. Her areas of focus include examining
labour markets within Canada’s innovation economy and technology sector. She is
interested in analyzing the relationship between economic factors and people, and
the socioeconomic impacts of policies and events.

Vivian has completed a Bachelor of Arts in Economics from the University of
Waterloo, and a Master of Arts in Economics from the University of Toronto.

Angus Lockhart - Senior Policy Analyst

Angus Lockhart is a senior policy analyst at the Dais. Angus researches the adoption
of innovative technologies in both the public and private sectors and the role that
policy can play in accelerating uptake.

Angus holds a Bachelor of Arts in Political Science from the University of British
Columbia and a Master of Arts in Political Science from Simon Fraser University.

Graham Dobbs - Senior Economist

As a Senior Economist at the Dais, Graham Dobbs explores educational and
technological innovations in the Canadian labour force and its impact on
occupational distributions and transitions.

Graham has a degree in Economics and holds a Master of Arts in Economic Policy
from McMaster University.

He was also a sessional lecturer at the undergraduate health sciences program at
McMaster, teaching the economics of healthcare.

Christelle Tessono - Policy and Research Assistant

Christelle Tessono conducts research at the intersections of digital technology,
human rights, and governance. This has led her to work on a variety of projects
related to political advertising on social media platforms, gig work, facial recognition
technology, privacy, and Al policy.

Christelle holds a Bachelor of Arts in political science from McGill University and

is currently pursuing graduate studies at the University of Toronto’s Faculty of
Information.

WAITING FOR TAKEOFF: THE SHORT-TERM IMPACT OF Al ADOPTION ON FIRM PRODUCTIVITY 3



Table of Contents

13
13
14

17
17
18

19

19
21

23
24
26

EXECUTIVE SUMMARY
INTRODUCTION
LITERATURE REVIEW

METHODOLOGY
Firm-level productivity estimation
Causal estimation (triple difference-in-difference estimation)

DATA
Survey of Digital Technology and Internet Use
Business Research Microdata

FINDINGS
Descriptive results
Causal modelling

CONCLUSION
APPENDIX A

APPENDIX B

WAITING FOR TAKEOFF: THE SHORT-TERM IMPACT OF Al ADOPTION ON FIRM PRODUCTIVITY 4



BOLD IDEA: Many private-sector and policy leaders are betting big on Al as the silver bullet for Canada’s
productivity crisis, but Al is a long game, not a quick fix. Companies must integrate it thoughtfully into

their operations to see real gains.

Artificial intelligence (Al) is the most discussed
technology of recent years. Advocates promise
that it will help overcome productivity challenges
and radically transform the economy through
increased wage gains and higher economic output,
among other benefits. This conversation about
the intersection of Al and productivity growth is
particularly important in Canada today, amidst
concern about a “productivity crisis.”

Productivity is a key ingredient in future economic
growth and standard of living, as it offers the
potential to increase output without increasing
inputs—Ilike worker hours, natural resources, and
investment costs. Yet, in past waves of innovation,
we have seen patterns where a technology achieves
widespread adoption, without any evidence of it
increasing productivity.

d.

The late American economist Robert Solow famously
remarked that “You can see the computer age
everywhere but in the productivity statistics.” Will
this time be different?

Understanding whether Al will follow the same trends
as previous waves of innovation is essential. Gaining
this understanding will inform economic policy,
business investment decisions, workforce planning,
and broader discussions about Al's benefits and
drawbacks.

In this study, we tackle the critical question
of whether Al adoption leads to productivity
improvement at the firm level.
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https://www.bankofcanada.ca/2024/03/productivity-problem/

Key Findings

Using high-quality data from Statistics Canada’s
Survey of Digital Technology and Internet Use and
the Business Research Microdata, accessed through
the Canadian Research Data Centre Network, we
looked at firms that adopted Al between early 2020
and late 2021, to understand whether the adoption
of Al technologies translated to short-term firm-level
productivity gains. When we define “short-term”

as one to two years post adoption, we find the
following:

* Evidence of productivity gains from Al use
is mixed. There is no conclusive evidence
of a strong positive or negative relationship
between Al adoption and short-term productivity
improvement.

* There was no significant relationship between
the adoption of Al in this period and either
Total Factor Productivity (TFP) levels or TFP
growth (efficiencies in output production which
do not stem from added labour or capital inputs)
in the short-term.

* The set of firms that adopted Al were already
more productive than their peers, but the
decision to adopt Al did not increase the rate at
which their productivity grew.

While this is the first report in Canada to provide a
look into the relationship between Al adoption and
firm productivity, the overall rates of Al adoption in
the Canadian economy remain low, and at an early
stage.

As applications in Al become more widespread and
are increasingly embedded across various operations,
there could be an increased chance for potential
efficiencies to translate into increased productivity.

Most notably, this research focuses on the impacts
of Al adoption before the public launch of OpenAl’s
ChatGPT in late 2022, which sparked widespread
interest in the latest generation of generative Al
technologies. As generative Al tools like Large
Language Models (LLMSs) offer different capabilities
from other types of Al, further research is needed to
assess its impact on productivity growth in Canadian
firms. Data from the next iteration of the Statistics
Canada survey conducted in late 2023 through early
2024 will make this possible.

Many private-sector and policy leaders presume
that business adoption of Al can be a silver bullet in
addressing Canada’s productivity growth challenge.
Our findings call for caution in asserting that Al
adoption at the firm level results in short-term
productivity gains. We look forward to continuing to
analyze and research how the deployment of these
fast-changing technologies affects the course of the
Canadian economy.
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Since the Industrial Revolution and the first about the widespread adoption of personal
generation of automating technologies powered by computers: “You can see the computer age

the steam engine, concerns about the implications of ~ everywhere but in the productivity statistics.” Termed
those technologies for the economy, and in particular,  the “Solow paradox,” many economists have sought

for workers, have been constant. Now, almost 300 to explain why productivity growth showed little
years later, we are faced with the same questions, relation to technological advancement.® Will this be
this time due to automation technologies powered the case with the current wave of Al as well? With
by electricity and silicon-based semiconductor relatively low Al adoption rates in Canada and in other
chips. This conversation about the intersection of countries,” and macroeconomic research projecting
artificial intelligence (Al) and productivity growth is a modest contribution from Al to overall productivity
particularly important in Canada today. Many voices growth,®an objective examination of how Al adoption
are raising concern about a “productivity crisis” is affecting productivity in Canada is needed.

that threatens Canada’s future economic growth
and standard of living, which is more dependent
on the resource sector than our G7 peers.'? Many

have argued that Al can be an essential piece of the Robert Solow, a Nobel
growth puzzle.3 Yet, to date, more research has laureate and leading
focused on whether these technologies will replace American theorist on
workers, with few studies assessing whether the economic growth,
adoption of Al leads to improvements in productivity.? famously remarked about

the widespread adoption
There are many reasons to take the inquiry into of personal computers:
estimating Al's productivity impact seriously. Robert “You can see the computer
Solow, a Nobel laureate and leading American age everywhere but in the
theorist on economic growth, famously remarked productivity statistics.”
d [ ]
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The urgency is amplified by a new feature of the
latest generation of Al technologies—a class

of models known as Generative Pre-trained
Transformers (GPTs). GPTs are a subset of Large
Language Models (LLMSs), or Al models that are
trained on vast quantities of human-generated
natural data such as text or images.

GPTs are showing signs that they are different
from the previous waves of Al. Instead of replacing
routine tasks (or tasks that can be described in

a consistent, repeatable, step-by-step manner

to achieve similar results), GPT-based Al seems

to complement cognitive workers in non-routine
tasks. Early experiments in introducing generative
Al in workplaces also show that instead of hurting
the lowest skilled workers in a given occupation, it
reduces the performance gap between the bottom
performer and the top performer in the same job
taSk.g 101

In this study, we tackle the critical question

of whether Al adoption leads to productivity
improvement at the firm level. We rely on unique,
high-quality survey data on Al usage in Canadian
businesses linked to their tax filings to causally
estimate the change in productivity as a result of
adopting Al. The survey data, which tracks firm
adoption of Al between early 2020 and late 2021,

is limited because it does not capture the more
recent emergence of generative Al, with the launch
of OpenAl’'s ChatGPT in late 2022. Still, it offers

a unique opportunity to study the short-term
productivity impacts of business Al adoption, and
provides a potential baseline for longitudinal tracking
of Al-related productivity trends as the pace of Al
adoption accelerates in Canada.

Early experiments in
introducing generative Al in
workplaces also show that
instead of hurting the lowest
skilled workers in a given
occupation, it reduces the
performance gap between the
bottom performer and the top
performer in the same job task.
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Technological innovation often surfaces a tension
between short-term disruption and long-term
benefits. So, a review of literature that examines both
periods provides a holistic sense of Al’'s potential
impact.

In the short run, anxieties centre upon the

potential negative impacts on employment as

new technologies become more common across
workplaces and industries. At the same time, those
who focus on the long run often note the potential
benefits of technology for productivity improvement
and overall prosperity, as technological innovation

in the long run has often proved beneficial. For
example, the “spinning jenny” yarn spinning machine
that allowed a single operator to spin multiple
threads simultaneously helped usher in the Industrial
Revolution.™” Chemical and biological technologies
spurred revolutions in agricultural production.™

The acceleration in both the creation and diffusion of
technological innovation makes short- and long-run
impacts harder to predict. Therefore, scholars focus
on whether the existing models used to understand
technology’s impact on the economy need to be
updated.

This highlights the need to synthesize our
understanding of the varying degrees in which
technological impact is recognized. Our paper aims
to bridge these two literatures—the long-term
productivity impact and the short-term employment
impact—Dby focusing on the short-run productivity
impact of adopting Al.

What is Al?

Before we proceed, it is important to define

the bounds of what we consider Al and clearly
delineate where researchers have treated it as
separate from or similar to previous automation
technologies. The Organisation for Economic Co-
operation and Development (OECD) defines Al as “a
machine-based system that, for explicit or implicit
objectives, infers, from the input it receives, how
to generate outputs such as predictions, content,
recommendations, or decisions that can influence
physical or virtual environments.”" The delineation
between Al and other technologies is often ignored
in the long-term economic growth literature, which
concerns the general level of technological change
and how that impacts long-term productivity.

WAITING FOR TAKEOFF: THE SHORT-TERM IMPACT OF Al ADOPTION ON FIRM PRODUCTIVITY



For the purpose of this study, however, Al is defined
using our primary data source, Statistics Canada’s
Survey of Digital Technology and Internet Use
(SDTIU): “systems that display intelligent behaviour
by analyzing their environment and taking actions -
with some degree of autonomy - to achieve specific
goals. Al-based systems can be purely software-
based or embedded in a device.”” Notably, the
survey, directed at technology decision-makers in
Canadian businesses, includes a question about Al
adoption.

The survey question explicitly asks about the

use of specific Al-powered applications like

machine learning, virtual agents, automatic speech
recognition, face recognition systems and other
image-analysis software, hardware with integrated Al,
and technologies that automate workflows or assist
in decision-making. Respondents can also report
other forms of Al used in their firms. The definition
used in the SDTIU ensures that businesses identified
as Al adopters are using it to a meaningful degree.

The productivity paradox

Literature focused on the short-term distributional
effects of technology adoption has characterized
the current wave of Al technologies through

its immediate impact on workers (through
displacement/job losses or shifts in skills demand).
However, short-term distributional effects are often
not representative of a technology’s impact in the
long run.

Robert Solow’s famous quote, referring to the wider
adoption of personal computers in the economy,
was first stated in response to the observance of a
slowdown in productivity despite rapid technological
progress in the 1980s.

Many theories to explain this seemingly
counterintuitive idea were developed, including an
uneven distribution of labour productivity gains,
mismeasurement of firm output or employment
growth due to adoption, and implementation lags.™
In addition, it was theorized that a reallocation
effect was taking hold, whereby workers who are

d’

Al is defined using our primary data
source, Statistics Canada’s Survey of
Digital Technology and Internet Use

(SDTIU): “systems that display intelligent
behaviour by analyzing their environment
and taking actions - with some degree of
autonomy - to achieve specific goals. Al-
based systems can be purely software-
based or embedded in a device.”

replaced by new technologies move from productive
technology-adopting sectors to less productive non-
adopting sectors. This movement then cancels out
any expected productivity gains."”

Studies have shown that automation has the
potential to reduce wage dispersion among groups
of workers who perform similar tasks and reduce
the gap between the most highly skilled and

the least highly skilled workers within the same
occupation. Automation tends to replace those
tasks that command higher wages, which drives
between-group wage inequality.” The result of the
changing premium of skills through the automation
of tasks (and replacing of workers as a result) has a
dampening effect on the wage growth that would
otherwise come from increased productivity.

A profile of firm-level Al adopters in Canada

Our understanding of the potential for productivity
gains from Al throughout the broader economy is
currently limited. This is due to (a) low and uneven
Al uptake among firms and (b) inconsistent access
to data for researchers. Evidence from the OECD
across 11 member countries (not including Canada)
finds that Al adoption is heavily concentrated among
larger and, to some extent, younger firms — and less
in smaller or more established firms." The wider

use of Al across large firms may be related to the
more considerable endowments or capabilities to
use intangibles and other complementary assets
needed to fully leverage Al's potential. A large firm
may already bring assets such as high levels of, or
investment in, Information and Communications

WAITING FOR TAKEOFF: THE SHORT-TERM IMPACT OF Al ADOPTION ON FIRM PRODUCTIVITY 10



Technology (ICT) skills and training, firm-level digital
capabilities, and digital infrastructure—this provides a
stronger foundation for Al use.

This pattern of uneven adoption holds true in the
Canadian context as well. Previous research found
that as of 2021, only 3.7 percent of Canadian firms
had adopted Al in their business practice.?® Similarly,
adoption was uneven across businesses, with large
firms adopting significantly more than smaller firms.?!
A recent study focusing on French firms produced
similar conclusions, noting that larger firms were
able to yield greater productivity gains because

they had access to significantly more resources to
leverage the potential of the Al systems adopted.
Given the overlap between adoption and firm size,
the productivity gains by large firms do not seem to
reflect the use of Al alone, and reflect other business
characteristics.

Globally, Al adoption is more common among
younger firms, and in ICT and professional services
industries.? Start-ups often bring more radical
innovations to the market, especially when new
technological paradigms emerge. The concentration
of Al adopters within certain industries and firm
types suggests Al’s full potential as a general-
purpose technology has yet to fully materialize across
the wider economy.

Furthermore, as raised by Brynjolfsson et al.
(2023),* finding evidence of the productivity
effects of Al-based technologies is challenging to
measure at the macroeconomic scale, due to the
different ways firms choose to adopt Al. As a result,
evidence of significant productivity gains is yet to be
demonstrated by scholarship and the little evidence
available cannot be reasonably applied across the
economy.

Evidence from the OECD across
11 member countries (not
including Canada) finds that Al
adoption is heavily concentrated
among larger and, to some
extent, younger firms.

d’

Given the overlap between
adoption and firm size, the
productivity gains by large firms
do not seem to reflect the use
of Al alone, and reflect other
business characteristics.

Measuring productivity and Al adoption

While there are a number of different ways to
measure productivity, we focus on the concept of
Total Factor Productivity (TFP) for this study, which
measures the efficiencies in producing output that
does not stem from the addition of an extra unit of
labour or capital.?® TFP doesn’t just measure labour
productivity but includes productivity metrics for
non-labour factors as well (such as machinery). In
other words, productivity is the ratio of the value of
an output, and the value of all the inputs that were
involved in making the output.?®

Scholars have had a difficult time measuring Al
productivity due to the lack of accessible data about
firms’ Al adoption.?” Information about the specific
types of Al-based technologies, and in addition to
details about the contexts in which they are used by
firms, are underreported. Two different methods are
used to define Al use and firm output.

In one approach, researchers have used patent
applications and data on specific Al-based
technology adoption such as robots and data-driven
managerial decision-making.?® Alderucci et al. (2020)
analyzed patent grants in the United States to assess
the prevalence of Al-related inventions by companies.
The authors linked that data with U.S. Census
Bureau microdata to identify patterns in firm labour
demand and growth. They found that firms with Al-
related innovations experienced a 25 percent faster
employment growth and a 40 percent faster revenue
growth than similar firms that had not developed and
adopted Al tools.?

As a second approach, researchers have used firm
revenue and operating income to assess productivity
gains from Al adoption. For instance, Kim, Park and
Kim (2022) identified 105 firms in the United States

WAITING FOR TAKEOFF: THE SHORT-TERM IMPACT OF Al ADOPTION ON FIRM PRODUCTIVITY 11



that adopted Al for automating and augmenting tasks
between 2000 and 2015.%° The study found that
over time, there was no evidence of cost reduction
and increased profits from Al adoption, which
signifies no real impact on productivity outcomes

as a result. However, another study using operating
income to measure output looked at the impact of Al
penetration on TFP among A-share-listed®' Chinese
manufacturing firms between 2010 and 2021. The
study found that a one percent increase in the
density of Al use led to a 14.2 percent increase in
TFP.*2

A recent study used panel data from the European
Commission’s 2018 Community Innovation Survey
(CIS) to assess Al-related productivity gains in
Germany.®® The study found that firms using Al
had increases in sales of their products, indicating
a short-term increase in productivity linked to Al
adoption.

Sector-specific impacts of Al adoption

Scholars have also focused on productivity gains
across different sectors of the economy in different
jurisdictions. In health care, there have been

studies that have found that Al enhances employee
productivity in the delivery of services to patients.> In
agriculture, Al has been adopted to support farmers
in assessing yield predictions and allocate resources
in a cost-effective manner. There are several studies
that identify its potential for enhanced productivity
as a result.>® Another study by Kanazawa et al.
(2022) found that an Al-based navigator increased
taxi drivers’ productivity by making it faster to find
customers. However, the increase in productivity
was concentrated in low-skilled drivers, narrowing
the productivity gap between them and high-skilled
drivers by an estimated 14 percent.*®

Firm-level productivity is often driven by efficiencies
in worker-level tasks. In particular, generative Al and
LLMSs are highly applicable in supporting writing-
based and coding-based tasks. For instance, there
are studies that analyze the productivity gains of
using assistive chatbots like OpenAl’'s ChatGPT in the
workplace. One study, which assigned 453 college-

d’

educated professionals mid-level writing tasks,
showed that ChatGPT raised average productivity,
with time taken to complete a task decreasing and
writing output quality increasing.®” In addition, Peng
et al. (2023) conducted a study which found that
software engineers who were provided GitHub
CoPilot were able to complete a task twice as fast
compared to those who did not have access to it.®
However, other studies show that using generative
Al tools in some tasks (such as coding), significantly
increased error and bug rates.*®

In summary, research on productivity gains resulting
from Al use is limited by data availability challenges
and differing approaches to measuring Al adoption
and firm productivity. The existing literature produces
mixed results. There is no conclusive evidence, at the
economy-wide or sectoral-level, of a strong positive
relationship between the technology’s adoption and
productivity improvement. The research findings

and limitations also highlight the need to approach
productivity assessments with nuance and particular
attention to the skills and working conditions of
workers using these tools.

In summary, research on
productivity gains resulting
from Al use is limited by

data availability challenges
and differing approaches to
measuring Al adoption and
firm productivity. The existing
literature produces mixed
results. There is no conclusive
evidence, at the economy-wide
or sectoral-level, of a strong
positive relationship between
the technology’s adoption and
productivity improvement.
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Firm-level productivity estimation

A key outcome measure in our study is a company’s
level of productivity growth. In this work, we
conceptually refer to Total Factor Productivity (TFP)
whenever we use the word “productivity”. TFP is
defined as the efficiencies in output production
which do not stem from an added unit of labour or
capital input. The preferred approach, therefore, first
popularized by Robert Solow, is the idea of a “Solow
residual”—that TFP is whatever is “left over” after
we account for the value of all the input from the
value of the output.®

d.

This is a two-step procedure. First, industry-specific
estimates of the ratios of capital and labour used are
produced. The resulting parameters for the industry-
specific production are then used in the second
stage, alongside firm-specific attributes (such as
payroll, revenue, and capital valuation). This allows us
to arrive at firm-level productivity estimates.
Appendix A explains the specific process used

in more detail, and why this approach, called the
Wooldridge-Levinsohn-Petrin process or WLP, is the
preferred approach in economics.
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Causal estimation (triple difference-
in-difference estimation)

Using the firm-level productivity growth measure
from the previous section, we now describe our
empirical strategy to obtain the causal impact

of Al adoption on productivity. In particular, we
use a variation of a popular causal estimation in
economics—the difference-in-difference (diff-in-
diff) estimator.

Conceptually, diff-in-diff allows researchers to focus
on the difference in outcome between two groups,
where only one has been exposed to a “causal event”.
A quasi-experimental method allows a researcher to
argue for a causal relationship between an exposure
(a policy intervention or a particular event), and an
outcome (desired policy goal).

It does so by focusing on situations where the
exposure to a policy intervention is targeted to a
specific sub-sample. Its causal claim relies on the
“parallel-trend assumption” where companies (in this
case) that adopted Al and companies that did not
adopt Al were on a similar trajectory. If Al adopters
had not adopted Al, it is assumed they would have
remained on the same trajectory. Its key advantage
is that it allows for a limited causal interpretation
where random exposure to an intervention (in this
case, Al adoption) is absent. Technical details on the
difference-in-difference model used in this report can
be found in Appendix A.

Variable selection

Variable of interest

Our variable of interest identifies firms adopting

Al technologies over the three-year panel sample.
Simply put, we identified two distinct subgroups of
Canadian firms: adopters of Al between 2020 and
2021, and non-adopters who remained in the sample.
Those who had adopted Al before 2020 are excluded,
as we cannot identify when they adopted the
technology. The matrix below illustrates the inclusion
criteria and groups of interest in our panel sample:

We identified two distinct
subgroups of Canadian firms:
adopters of Al between 2020
and 2021, and non-adopters
who remained in the sample.
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Table 1: Summary of Al adoption treatment conditions

Al adoption panel sample Did not adopt Al by 2021 Adopted Al by 2021
restrictions

Did not adopt Al by 2019 Control group
Adopted Al by 2019 Excluded from sample Excluded from sample

The panel restrictions allow us to understand the
unique effect of Al adoption among Canadian firms'’
TFP relative to firms that did not adopt over the
three-year analysis period.

In our alternative modelling specifications, we create
an interaction variable as our treatment variable
using the firm tax reporting year and binary indicator
identifying Al adoption in 2021. This provides an
understanding of the independent effect of Al
adoption on both the level and change of TFP.

Controls

We derive the variable for industry by creating a
binary flag for firms in service industries by the first
digit of the North American Industry Classification
System codes (NAICS). Our previous research has
found that service industries hire and employ workers
with skills more likely to be impacted by Al and have a
wider variety of value propositions for its application.

We cluster our standard error estimates on firm size
to account for unobservable characteristics among
firms adopting Al. This allows us to account for time-
varying unobservable characteristics not captured

in the control and treatment variables based on

the firm’s size. Our previous works find Al adoption
among Canadian firms is skewed heavily toward firms
with high employee headcounts.

We use the business size variable from the SDTIU,*
a categorical variable indicating if a business employs
less than 20, 20 to 99, or 100 or more employees.*

Robustness

To ensure the robustness of the estimation of the
causal effect, we also leverage a fixed-effect ordinary
least squares (OLS) regression model, instrumental
variable, and quantile regressions at the 25th, 50th,
and 75th percentiles.

This estimates the coefficient on TFP for the in-
treatment group of Al adopters in the year 2021 as
an interaction variable between the post-treatment
period (2021) and firms in the treatment group

(Al adopters in 2021 but not 2019). Similar to the
difference-in-difference model, a binary flag for the
firm’s goods or services industry was added as a
control, with clustered standard errors on firm size.
In the case of quantile regressions, we add firm size
as one of the control variables. More information
about the form of this regression can be found in
Appendix A.

WAITING FOR TAKEOFF: THE SHORT-TERM IMPACT OF Al ADOPTION ON FIRM PRODUCTIVITY 15



The period of change we consider we study is those between
2019 and 2021, notably between a period of significant economic
disruption brought about by the COVID-19 pandemic. We discuss
here how our findings should be characterized in the context of
this event.

We note that difference-in-difference methodology aims to
control for common shocks and trends that affect all businesses.
As a result, we are confident in our causal claim itself not being
contaminated by the COVID-19 pandemic. We discuss potential
concerns about interpreting our results outside of the COVID-19
context.

However, the COVID-19 pandemic may have created a unique
environment for firms adopting Al. Given the economic
disruptions caused by the pandemic, the motivation for firms to
adopt Al may have been different than it would be under more
normal circumstances. For instance, firms may have turned to
automating technologies to help maintain productivity despite
requirements for social distancing and increased health and
safety protocols. Similarly, it is possible that given the slack in the
labour market produced by the pandemic, some firms that would
have otherwise implemented Al to address hiring difficulties
decided against it.

If firms adopted Al during this period to address new challenges,
or failed to adopt it for reasons that would normally have
motivated them to do so, it is possible that in a different context
adoption of Al may have yielded different results. Replicating

this work for the period after the pandemic will be important to
verify whether these results continue to be true or if they change
outside of the COVID-19 context.
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Survey of Digital Technology and
Internet Use

The main source of data we will be using for our
research will be the Survey of Digital Technology and
Internet Use (SDTIU). The SDTIU is a mandatory
survey conducted by Statistics Canada, targeted at
businesses with the goal to understand the uptake
of different technologies in Canadian businesses. The
modern iteration of the survey was first conducted
in 2019 (into 2020), with a follow-up wave in 2021
(into 2022), and a third wave that concluded data
collection in March of 2024 (not yet published).
Businesses are legally required to answer the survey,
and around 15,000 firms answer each survey wave.

The survey is answered by the technology decision-
maker at the businesses and covers technology use
cases that are “core to business processes” (e.g. an
employee using Google to search for information,
and thus interacting with Al that ranks search results,
would not be covered). The answer to this question,
particularly as it relates to Al, forms our primary
measure of Al adoption in firms.

d.

Another feature we exploit to perform our causal
analysis is the non-trivial number of firms who
answered both the 2019 and 2021 SDTIU—totalling
more than 2,000 firms. This allows us to examine
productivity growth in companies that adopted

Al between 2019 and 2021 (that is, they had not
adopted Al in 2019 but have adopted it by 2021).

The SDTIU by itself, however, does not provide any
financial and employment data needed to estimate
firm-level productivity. To obtain this information, we
rely on the fact that the SDTIU exists on Statistics
Canada’s Business-Linkable File Environment
(B-LFE). This data ecosystem links business survey
data to administrative data sources.

Using the B-LFE, we connect unique firm-level
identifiers to key business attributes in the Statistics
Canada Business Register (such as their industry and
location) and financial information from the General
Index of Financial Information (data on revenue,
employment, and capital from business tax filings).
This allows us to estimate firm-level productivity
growth for businesses in the SDTIU dataset.
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Business Research Microdata

Business Research Microdata (BRM), previously
known as the National Accounts Longitudinal
Microdata File (NALMF), is a core research
administrative data source that Statistics Canada
maintains. It contains longitudinal data on all
registered businesses in Canada, with data from
administrative sources, such as the Business
Register, tax data, and the Export Register.

We primarily use the BRM to perform the first of
the two-stage estimation process for firm-level
productivity. As we discussed in the methods
section, the method we use to estimate firm-level

productivity requires estimating a unique model for
each of the 324 detailed industry codes (called the

North American Industry Classification System or

NAICS), to then apply each of these 324 models to
the individual company attributes (such as revenue
and employment). The sample size we have access

to through the SDTIU simply does not allow us to
rigorously perform this step. As a result, we will
use data on all registered companies in Canada to

generate these industry-specific estimation models

(from 2000 to 2020).
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Descriptive results

Before we present the modelling of the effect of
adopting Al on productivity, we start by establishing
baseline characteristics of the two sample groups by
comparing key descriptive statistics.

First, to understand historically how input decisions
have varied across industries, we calculate industry-
specific allocations to labour and capital using a
wider sample from the complete data set from the
Business Research Microdata from 2001 to 2022.

When we apply these estimates to the treatment
group (firms that adopted Al during the 2020 to 2021
period) to calculate firm-level productivity (a measure
of revenue produced by a set of inputs), we see that
the Al-adopting firms are overall more productive
than firms not using Al both before and after the
treatment period.

d.

Among Al adopters, productivity levels have been 10
to 35 percent higher than non-adopters in the years
observed in our study, as seen in Figure 1. This itself
is a notable finding and suggests that Al adoption is
correlated with greater firm productivity.

But does Al adoption cause greater firm productivity?
Is Al adoption associated with increased firm Total
Factor Productivity after adoption? Looking at
annual growth in TFP, which is to say the difference
in a firm's TFP between one period to the next, we
see in Figure 2 that TFP at Al adopter firms is not
consistently growing any faster than other firms to a
significant degree (with the exception of 2022).%
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Figure 1: Total factor productivity by year and Al adoption
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Figure 2: Total factor productivity growth by year and Al adoption
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Causal modelling

Using a difference-in-difference approach, we

find that the set of firms that adopted Al saw less
productivity growth after adopting Al than other
firms in Canada. Figure 3 shows that in 2022, when
all firms in the treatment group had adopted Al, TFP
growth was significantly lower within the treatment
group than for the control group of non-adopting
firms (represented in Figure 3 by the line at 0.0).
However, in the period when firms adopted Al, the
results are mixed—in 2020 growth was significantly
higher and in 2021 it was significantly lower.

Our model, linking data from the Survey of Digital
Technology and Internet Use with firm-level financial
data, estimates the impact of a firm adopting Al

on its subsequent productivity growth. This model
compares the difference in productivity growth
between firms that adopted Al between early 2020
and late 2021 with firms that did not adopt Al.**

We highlight two important considerations. First,
this data covers the period before the launch of

generative Al. Second, the exact time each firm in
the treatment group adopted is unknown. While
ideally the treatment (adoption of Al) would have
been applied to all firms at the same time, in this
case, it occurred at some unknown time between
the end of 2019 (when the 2019 iteration of the
SDTIU concluded) and the end of 2021 (when the
2021 survey concluded). That means the first year
any impacts could show up would be in 2020, and all
firms in the treatment group will have adopted Al by
the beginning of 2022.

Using a difference-in-difference approach, we

find that the set of firms that adopted Al saw less
productivity growth after adopting Al than other
firms in Canada. Figure 4 shows that in 2022, when
all firms in the treatment group had adopted Al, TFP
growth was significantly lower within the treatment
group than for the control group of non-adopting
firms (represented in Figure 4 by the line at 0.0).
However, in the period when firms adopted Al, the
results are mixed—in 2020 growth was significantly
higher and in 2021 it was significantly lower.

Figure 3: Impact on adopting Al on productivity growth (relative to non-adopting firms)
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Other ways of modelling this impact produce
different results. Appendix B shows detailed

results for five alternative models examining the
relationship between Al adoption and TFP growth.
While the specifications differ across the models,
they consistently show no significant increase in
TFP growth for firms adopting Al. Notably, however,
they also do not show the same significant negative
relationship that the difference-in-difference model
produced.

Taken as a whole, these models suggest that the
benefits of Al shown in more experimental work are
not realized broadly among firms that have started
using Al in their daily work over the study’s short-
term horizon (up to two years from the time of
adoption). We also look at the relationship between
Al adoption in firms and overall TFP rather than
the rate of annual TFP growth. Results from these
models are similar to those from the models for
TFP growth. In most cases, there is no significant
relationship between the adoption of Al by a firm in
2020 or 2021 and any difference in TFP.

When estimating the impact of Al adoption and the
overall firm TFP, we find a significant and positive
relationship between firms starting to use Al and
other firms in our sample. The positive relationship
among models estimating TFP level suggests that Al
adopters are generally more productive than Al non-
adopters, even before adoption. They also continue
to be more productive on average after adoption.

In sum, the treatment group of Al adopters were
already highly productive firms, but the decision to
adopt Al did not increase the rate at which their
productivity was growing.

Still, artificial intelligence adoption by Canadian
businesses is in the early stages. As Al innovations
continue, the technology diffuses to different
business functions, and as more businesses integrate
it, the existing pattern may change. None of this
precludes TFP growth among the treatment firms
over a longer time horizon, or TFP growth from
future adoption by firms that are less productive to
begin with.

The findings do call for caution in presuming that
business adoption of Al can be a silver bullet in
addressing Canada'’s productivity growth challenge in
the near term.

In sum, the treatment
group of Al adopters
were already highly
productive firms, but the
decision to adopt Al did
not increase the rate at
which their productivity
was growing.
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The exuberance over Al and its potential benefits for
the economy and society stems from an optimism
that it can drive productivity growth, with the
potential to improve work and boost the standard

of living. Yet, the Solow paradox observes that, over
various different waves of innovation, productivity
growth has lagged or even declined in periods of
technological adoption. Will this time be different?

The findings of this study, while preliminary, suggest
that those who share this optimism should exercise
caution about the productivity benefits of Al
adoption in the near term. The research literature on
productivity gains from Al use shows mixed results,
with no conclusive evidence of a strong positive

or negative relationship between the technology’s
adoption and productivity improvement.

Our economic model, examining a treatment group
of Canadian firms that adopted Al in 2020 or 2021,
finds no significant relationship between Al adoption
and any difference in Total Factor Productivity (TFP)
levels or TFP growth. Moreover, the subset of Al
adopters were already highly productive firms, but
the decision to adopt Al did not increase the rate at
which their productivity was growing.

Yet, this research has limitations. Different waves of
innovation are not necessarily predictive of future
waves, so it is hard to extrapolate findings from one
period to the next, and gains often occur over time.
Given that adoption is relatively low in the broader
Canadian economy, it is more difficult to derive
insight into the impacts of Al on productivity—
particularly compared to the impact of other more
widely adopted general-purpose technologies.

d’

Our economic model, examining
a treatment group of Canadian
firms that adopted Al in 2020

or 2021, finds no significant
relationship between Al adoption
and any difference in Total Factor
Productivity (TFP) levels or TFP
growth. Moreover, the subset

of Al adopters were already
highly productive firms, but

the decision to adopt Al did not
increase the rate at which their
productivity was growing.

Measuring the impact of artificial intelligence on
productivity through firm adoption in the SDTIU does
not capture the extent to which the technologies are
being used in core business functions. As applications
in Al become more widespread and are increasingly
embedded across various operations, there could

be an increased chance for potential efficiencies to
translate into increased productivity.

Importantly, this research also focuses on the
impacts of Al before the latest boom in generative
Al. Generative Al has a broader application range

in the economy, but also larger implications for the
economic welfare of Canadians, with early evidence
suggesting decreasing demand for skills and tasks
that are replaceable with generative applications.*®
Further research is needed into the impact of
generative Al on productivity growth in Canadian
firms. With data from the next iteration of the Survey
of Digital Technology and Internet Use conducted in
late 2023 through early 2024, this will be possible.
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Appendix A

The methodology consists of a descriptive analysis
and a causal analysis. The descriptive analysis
provides a surface-level overview of the type of firms
deploying Al, and their productivity on average for
the most recent year of the SDTIU. This gives us a
sense of the existing state of Al adoption in Canada.
This includes a sub-population of 15,683 enterprises
in 2021 (and with 14,127 enterprises in 2019), with

a constructed TFP variable deconstructed by firm
characteristics such as enterprise size and NAICS
industry. For this analysis, we would require using the
Business Research Microdata (BRM) in 2021, and
firm-level responses in the 2021 SDTIU.

However, to understand the full extent of the impact
of Al on business efficiency, we need to isolate the
treatment effect of Al adoption. This would involve a
causal analysis using a firm-level TFP variable as the
dependent variable, with the treatment effect being
the uptake in Al technologies by firms.*¢ 4748 As will
be detailed in the data requirements section, for this
step, we will leverage the BRM and responses on Al
adoption from the SDTIU.

When examining the economy and the production
process, economists often conceptualize what is
called the “production function”, which transforms
inputs (labour provided by people and entrepreneurs
and machines, as well as other forms of capital) into
outputs (final physical goods or services). TFP is
intuitively understood as what enables the value of
the output to exceed the total sum of values of the
inputs. It is sometimes interpreted as technology or
innovation, and growth in TFP allows the same set
of inputs to create even more output than before,
underlying the key logic around why economists and
policymakers focus on this measure.

Empirically, estimating TFP is difficult, as it is
conceptually fuzzy. The preferred approach, first
popularized by American economist Robert Solow, is
the idea of a “Solow residual” - that TFP is whatever
is “left over” after we account for the value of all the
input from the value of the output.?® We follow that

d.

similar approach in our work. In particular, we rely

on previous work that explored estimating firm-level
productivity®®®' (the Wooldridge-Levinsohn-Petrin or
WLP process) that has also been shown to work in
the Canadian data.5? This calculation is an adjusted
approach on the Levinsohn & Petrin estimation
method (2003),%°* as laid out by Wooldridge
(2009).%°

Specifically, the WLP process proposes a two-

stage estimation where industry-specific production
function is estimated. The resulting parameters for
the industry-specific production are then used in the
second stage, alongside firm-specific attributes (such
as payroll, revenue, and capital valuation) to arrive at
the firm-level productivity estimates. This involves
estimating the following set of equations using an
instrumental variable approach:

In(Y,) = ,+8,In(L, )+ IN(K )+8, In(m )+ ¢, (1)
In(Y,) = By BIN(L)+8(KI+F (GK, D+ 2, (2)

with Y as total firm revenue for the year t for firm
i, L, as total payroll for the year t and firm i, K as
the total assets of the firm in year t for firm i, and
m, as the total cost of sale and intermediate goods
in year t for firm i. In Equation 1, the full form of

the production function is outlined, with output
dependent on a firm’s decisions about labour,
capital and intermediate inputs. In Equation 2, the
function f(g[K,.m,,]) is our productivity measure,
which is a function of capital and intermediate input
decisions in time t-1. We will follow WLP in assuming
a third-degree polynomial functional form for these
functions.
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We observe two sets of firms: a control group of firms which did not take up Al technologies in 2019 or 2021,
and a treatment group which did not deploy Al technologies in 2019 but did in 2021. In difference-in-difference
estimation, we observe the impact of this intervention on TFP in the years post-implementation of Al. This
allows us to observe the change to TFP in time t compared to time t-1, controlling for other time-specific and
firm-specific factors such as the type of industry the firm is in (e.g. goods or services), firm size, etc.

Using the firm-level TFP estimates, we will run the following triple differences-in-differences (given that TFP
is already a difference) estimation on the impact of Al adoption, taking the following form in Equation 3:

ATFP, =g, + g,Post + g, Treatment + g,(Treatment x Post,) + g,Service, + ¢, (3)

with as a binary indicator representing the in-treatment group (firms who were an Al adopter in 2021 but

not in 2019), representing whether the period of TFP estimation was post-implementation of Al (in the year
2021), as the interaction term measuring the treatment effect on the treatment group, and representing a
binary indicator of a firm being in a goods or services industry.

In addition, fixed-effect Original Least Squares (OLS), an instrumental variable, and quantile regression models
were constructed, which take the following form in Equation 4:

ATFP, =g, + 8,Treatment  + g,Year,

o+ Bs(Treatment x Year

2027) +V,+8 4Service,t +e, 4)

In the fixed-effect OLS, time-invariant firm-specific characteristics are cancelled out with TFP being a
growth variable between periods t and t-1. When using TFP levels instead of growth, these characteristics are
captured through a residual . Time-fixed effects in year-specific characteristics are captured with the residual
for TFP levels and growth.

— WAITING FOR TAKEOFF: THE SHORT-TERM IMPACT OF Al ADOPTION ON FIRM PRODUCTIVITY 25



Appendix B

Table B-1: Difference-in-difference estimation, TFP growth controlling for goods/services industry
indication and standard errors clustered on employment size groups

Average Treatment 95% confidence 95% confidence
Time-period Effect on the Standard error interval (lower interval (upper

Treated (ATT) bound) bound)
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*Values in black font are statistically significant at the 5% level

Table B-2: Difference-in-difference estimation, TFP levels controlling for goods/services industry
indication and standard error clustered on employment size groups

Average Treatment 95% confidence 95% confidence
Time-period Effect on the Treated | Standard error interval (lower interval (upper

(ATT) bound) bound)
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*Values in black font are statistically significant at the 5% level

— WAITING FOR TAKEOFF: THE SHORT-TERM IMPACT OF Al ADOPTION ON FIRM PRODUCTIVITY 26



Table B-3: Fixed-effects OLS regression, TFP growth controlling for goods/services industry indication
and standard error clustered on employment size groups

roscwoameres | ooo] oo o] ow

Interaction: Treatment
group & Post-treatment 047 0.36
period

*Values in black font are statistically significant at the 5% level

Table B-4: Fixed-effects OLS regression, TFP levels controlling for goods/services industry indication
and standard error clustered on employment size groups

Foscwoamanpoior | ooo|  om| oo s

Interaction: Treatment
group & Post-treatment 0.26 A 1.99
period

*Values in black font are statistically significant at the 5% level

Table B-5: Instrumental variable (2nd stage) TFP growth controlling for goods/services industry
indication and standard error clustered on employment size groups

Interaction: Treatment
group & Post-treatment 017 0.97
period

*Values in black font are statistically significant at the 5% level
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Table B-6: Instrumental variable (2nd stage) TFP level controlling for goods/services industry indication
and standard error clustered on employment size groups

Interaction: Treatment group & 1.99
Post-treatment period ! !

*Values in black font are statistically significant at the 5% level

Table B-7: Quantile regression, TFP growth controlling for goods/services industry indication and
employment size groups

Interaction:
: Treatment grou
Quantile group Standard error T-Value P-Value
& Post-treatment
period
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Table B-8: Quantile regression, TFP level controlling for goods/services industry indication and
employment size groups

Interaction:
: Treatment grou
Quantile group Standard error T-Value P-Value
& Post-treatment
period

I ) B R BT
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Values in black font are statistically significant at the 5% level
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