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Abstract

This paper presents evidence of the impact of AI investment on firm growth

and how the relationship is sensitive to labour market conditions. Using the

generalized method of moments (GMM) estimation on 1950 unique American

firms over 1996–2016, we show that a 10% increase in AI investment leads to

an increase in firm growth by 0.04%. However, this result is highly sensitive to

labour market conditions, as labour productivity can positively impact firm

growth, but labour cost and labour share negatively influence firm growth.

These results offer original insights into an essential channel via which invest-

ment in AI may mediate firm growth.
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1 | INTRODUCTION

The lure of artificial intelligence (AI) has increased
over the past decade, seemingly promising higher pro-
ductivity, more competitive economies, a greater vari-
ety of products, and a key to unlocking long-term
growth (Aghion et al., 2017; Bughin et al., 2018; Kakat-
kar et al., 2020). From the point of view of firms,
channelling resources into AI has also been perceived
as a way to remain on the technological frontier and
avoid being “left behind” (see Balgobin & Pandit, 2001)
as had happened in previous waves of technological
advancement; instructive is the example of IBM, which
is a case study in failing to stay on the frontier (Gao
et al., 2019). Given the high promise of this new

technology, firms have been investing in AI to spur
growth, using, for example, AI-enabled automation to
significantly influence the efficiency with which goods
and services are produced (Furman & Seamans, 2019;
Zdravkovi�c et al., 2022).

The burgeoning literature on microeconomics and
firm-level effects of AI investment has focused on how AI
can power firm growth (Babina et al., 2020, 2022; Schrage
et al., 2023). Less attention has been paid to labour mar-
ket conditions (e.g., labour cost, labour share and labour
productivity) (see, for a critical review of this literature,
Agrawal et al., 2019; Babina et al., 2020, 2022; Mitchell &
Brynjolfsson, 2017; Rice et al., 2018; Wamba-Taguimdje
et al., 2020). Implicitly ignoring the impact of labour is a
critical enabler of innovation (Ipinnaiye et al., 2017; Liu
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et al., 2021). The benefit of AI is likely to be in its ability
to save labour costs or to allow a firm to reallocate labour
to higher-value tasks (Wamba-Taguimdje et al., 2020).
Therefore, it is important to understand the sensitivity of
AI-powered growth to labour market conditions since
investments in new technologies are likely to respond dif-
ferently to labour market shocks (Autor et al., 2016). For
example, how does AI-powered growth react to unex-
pected increases in the cost of hiring AI-skilled labour?
AI-skilled labour is a key input to AI implementation
and accounts for a significant share of operating costs
(Babina et al., 2020; Rampini et al., 2022). The implica-
tion is that price increases in the labour market will also
increase the cost of operations, relatively more for an AI-
powered firm. The increased cost of operation due to
increases in hiring AI-skilled labour has the potential
to translate into lowered profits and affect the prospect of
firm growth (i.e., where profit is considered a measure
of firm growth, e.g., Lui et al., 2022; Mishra et al., 2022).

Despite this, most previous studies have focused on
only investment in AI and firm growth without jointly
considering both AI investment and labour market con-
ditions. A critical review of this strand of literature is in
(Agrawal et al., 2019; Babina et al., 2020, 2022; Mitchell &
Brynjolfsson, 2017; Rice et al., 2018; Wamba-
Taguimdje et al., 2020). None of these studies incorpo-
rated both the AI investment and labour market condi-
tions. The closest to our study has come from (Babina
et al., 2020), who incorporated AI investment and firm
growth into their model. Unlike our study, the (Babina
et al., 2020) study did not incorporate labour market con-
ditions, while Babina et al. (2022) only focused on AI
investment and workforce educational attainment.

Against this backdrop, this paper addresses a critical
gap in the literature by incorporating AI investment—
labour market conditions—and firm growth into
the analysis. Given the integration, we can trace the
responses of AI-powered growth to shocks in each labour
market condition. By considering these aspects jointly, a
policy can be developed to address potential bottlenecks
in essential channels via investment in new technologies
moderate firm growth (Acemoglu et al., 2014; Acemo-
glu & Autor, 2011; Kleinknecht, 2020).

Our paper develops a resource-based framework, using
investment in AI, labour market conditions, and firm
growth as underlying parameters to explore the relation-
ship among these three empirically. Specifically, we
develop a GMM estimation model on a sample of 1950
unique US firms from 1996 to 2016, generating 21,743 firm-
year observations. Evidence from this analysis shows that
firm AI investment positively impacts firm growth, with a
10% increase in AI investment associated with increased
firm growth of 0.04%. However, the results suggest that the

positive relation between AI and a firm's growth is further
reinforced when labour market conditions are efficient and
favourable for the firm. Indeed, while labour productivity
positively impacts firm growth in the presence of AI invest-
ment, both high labour costs and high labour have a nega-
tive effect. These results are robust to a series of tests
controlling for endogeneity, alternative measures of the rel-
evant variables, subsamples, and different periods.

These findings are consistent with prior research that
indicates that investment in AI positively impacts firm
growth (Babina et al., 2020; Dubey et al., 2019). By intro-
ducing the effects of labour market conditions, however,
we contribute to the literature, demonstrating the moderat-
ing effects that labour markets have in enhancing growth
(Murphy & Mercille, 2019; Quintana et al., 2016) through
firms' investment in AI. Our study complements prior stud-
ies (Aghion et al., 2017; Alekseeva et al., 2021; Babina
et al., 2020, 2022; Fedyk et al., 2022) by explicitly consider-
ing for the first time how labour markets influence the
relationship between AI investment and firms' growth. By
tracing the responses of AI-powered growth to shocks in a
variety of labour market conditions, our study provides fur-
ther insight and understanding of essential channels via
which AI investment enhances firms' growth (Acemoglu
et al., 2014; Acemoglu & Autor, 2011; Kleinknecht, 2020).

The paper proceeds as follows. Section 2 reviews the
conceptual framework, previous literature and hypothe-
sis for the study. Section 3 presents the data and the
empirical model for the study using the identification
strategy and estimation method. The empirical results
and discussion are reported in Section 4; additional
results and robustness checks are provided in Section 5,
while Section 6 presents the conclusions.

2 | PRIOR RESEARCH AND
HYPOTHESIS DEVELOPMENT

2.1 | Theoretical underpinning

Artificial intelligence, as a new form of technology, can fur-
ther automation at the firm level to help firms optimize
their resource allocation, better utilize scarce resources,
and simultaneously serve their customer base more effec-
tively (Acemoglu & Autor, 2011). Prior studies have
addressed why firm-level output depends on the firm's abil-
ity to innovate and utilize unique resources (Alvarez & Bar-
ney, 2017; Davis & Simpson, 2017; Hoskisson et al., 2018;
Mitchell & Brynjolfsson, 2017; Nason & Wiklund, 2018).
The fundamental theory underlying this evidence is the
resource-based view (RBV), which highlights strong inter-
nal resources and capabilities as key ingredients required
by a firm to achieve positive output (Barney, 2001; Dubey
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et al., 2019; Shibin et al., 2020; Yen et al., 2019). Dubey
et al. (2019), in particular, used RBV theory to examine the
effect of big data culture on firm cost and operational per-
formance; as with other papers in this vein, it showed how
a firm's continuous exploits of Valuable, Rare, Inimitable,
and Non-substitutable (VRIN) resources are central to
competitiveness and the firm's ability to achieve above-
average performance (Shibin et al., 2020).

AI as a competitive advantage that inures positive firm
output is validated by the VRIN criteria described by Bar-
ney (2001) and Hoskisson et al. (2018). Consistent with the
notion of rare, inimitable, non-substitutable and valuable
assets, AI technology creates “thinking machines” capable
of mimicking, learning, and replacing human intelligence
(Davenport & Ronanki, 2018; Huang & Rust, 2018; Rus-
sell, 2016; Yoo, 2019). A cutting-edge technology that can
undertake routine tasks with very minimal human
involvement at a reduced cost of labour production
(Hogarty et al., 2019; Kakatkar et al., 2020) is rare and only
available to 21st-century business survivors who fear losing
out on industry leadership (see Balgobin & Pandit, 2001).
However, the significant investment required to deploy AI
technology imposes a financial constraint on a firm's abil-
ity to imitate or easily substitute (Almeida & Cam-
pello, 2007; Chang et al., 2019; Lerskullawat, 2019; Yan
et al., 2018). Related evidence of a laggard firm's inability
to imitate AI is in Andrews et al. (2015), who observed that
superstar firms are successful in blocking the imitation of
their technology. Moreover, AI has the unique ability to
address important technology needs of firms and stream-
line business expertise (Paschen et al., 2020), thereby mak-
ing it a precious resource. However, AI is in a relatively
nascent and evolving phase, and returns to it should be
viewed as a long-term prospect (e.g., see Liu & Shong, 2018;
Lu et al., 2018).

2.2 | Prior evidence

Mou (2019) notes that investment in AI can be found in
virtually every industry today, with the unfolding evi-
dence showing AI being used by firms to remain competi-
tive and ensure long-term growth (Davenport &
Ronanki, 2018); indeed, the evidence points to the reality
that AI may improve a firm's efficiency, reduces opera-
tional cost, and increase profitability (Hsu et al., 2014;
Makridakis, 2017). The way in which AI can be translated
into more efficient processes within a firm operates
through several channels. The first approach is the use of
AI as a computational tool which performs tasks that tra-
ditionally have required human intelligence (Cockburn
et al., 2018; Dwivedi et al., 2019; Fazal et al., 2018; Rus-
sell, 2016). Artificial intelligence can do administrative

and operational tasks that consume much of employees'
time faster, better, and at a lower cost. This aspect is
explored in-depth by Fedyk et al. (2022), who found that
Audit firms that invest in AI can displace human audi-
tors, resulting in improved audit quality and reduced
audit fees. Similarly, Kolbjørnsrud et al. (2016) found that
the Associated Press expanded its quarterly earnings
reporting from approximately 300 stories to 4400 with AI-
powered software robots, as journalists were freed up to
conduct more investigative and interpretive reporting.

AI may also replace productive work rather than just
administrative tasks in manufacturing. Extant research
suggests that Al aids the design of better products in
functionality, quality, and cost and improves predictive
maintenance (Mou, 2019). Especially where the use of AI
has resulted in increased product innovation, AI-invest-
ing firms experience increased growth in sales, employ-
ment and market valuation (Babina et al., 2020). In a
similar vein, as reported in Furman and Seamans (2019),
AI-enabled innovations have led to the development of
various chat-bots and virtual assistance applications such
as Alexa and Siri., while also allowing for tailoring prod-
uct offerings and online ads to increase firm sales
(Mihet & Philippon, 2019). In finance, (Trippi & Tur-
ban, 1993) have shown strong evidence of rapid adoption
of AI for trading in securities markets, forecasting the
economy and analysing credit risk (Cortes et al., 2018;
Lee et al., 2018). Additional evidence from Farboodi et al.
(2019) on the AI/big data nexus suggests that AI-inten-
sive firms can enjoy economies of scale through better
data utilization and analysis.

The advent of AI may also create positive labour mar-
ket outcomes, both at the firm and macroeconomic levels.
While many have highlighted the potential adverse
effects of AI on labour markets (Frey & Osborne, 2017;
Furman, 2016), AI investment may lead to an increased
demand for highly skilled workers, as the extensive use of
disruptive innovation skills tends to intensify labour qual-
ity, rebounding to the benefit of the firm in terms of
labour productivity (Autor, 2015). Furman and Seamans
(2019) provide evidence that this is the case in that AI has
spurred high demand for workers with machine-learning
or deep-learning skills. This is corroborated by Babina
et al. (2022) as they found that firms investing in AI tend
to transition to utilizing a more educated workforce.

This linkage comes on the heel of a large literature
which has noted the association between technology and
labour market conditions and how they impact firm pro-
ductivity, competitiveness, and long-term growth
(Autor, 2015; Rodríguez-Pose & Lee, 2020). For example,
the concentration of highly skilled workers in STEM occu-
pations explains the impact of innovations on firm growth
(Atkinson & Mayo, 2010). An analysis of Arvanitis (2005)
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also indicates that the combined use of technology and
human capital leads to the mutual strengthening of their
impact on firm growth. Moreover, the effects of labour
share on firms' information technology and market con-
centration are documented (Aghion et al., 2019; Crouzet &
Eberly, 2019; Lashkari et al., 2018). These observations
corroborate findings reported by Farboodi et al. (2019) that
showed the deployment of technology led to a decline in
long-term operational costs for banks than prior accumu-
lated labour costs. This makes labour market conditions
highly relevant for AI-powered growth (Alekseeva
et al., 2020; Babina et al., 2020; Bartel et al., 2007).

2.3 | Hypothesis development

Given this extensive literature, as noted above, we posit
that AI investment influences firm growth for several rea-
sons. First, AI stimulates firm growth by streamlining
operational tasks and by undertaking these tasks faster,
better, and at a lower cost (Ghazwani et al., 2022). For
example, AI-powered software robots are effective at
eliminating errors and waste within the manufacturing
process due to their high precision and efficiency in
undertaking such a task (see Acemoglu et al., 2014;
Graetz and Michaels, 2018). Similarly, AI-powered
machine intelligence can enable firms to offer goods and
services with little or no human involvement at compara-
tively low costs (Davenport & Ronanki, 2018). AI-pow-
ered cashier-less and cash-less grocery stores can offer
products and services to customers even in the presence
of staffing constraints (Ghazwani et al., 2022), while AI-
powered Siri and Chat-bots can provide virtual assistance
to customers in real-time, improving customer retention
and market power (Mihet & Philippon, 2019). Evidence
shows that, on average, firms with strong omnichannel
communication1 experience have an 89% customer reten-
tion rate compared to 33% for firms with weaker omni-
channel communication (Aberdeen Group, 2020). The
contribution of big data analytics to satisfactory customer
service and sales growth is also reported by Hallikainen
et al. (2020). AI technology can thus enable firms to
respond to rapidly changing demands in the marketplace
and from consumers, bypassing costly organizational or
labour solutions (Singhal & Yerpude, 2018). Based on
these theoretical channels and the corresponding empiri-
cal evidence, we propose the following hypothesis:

Hypothesis 1. Investment in AI is positively
correlated with firm growth.

Labour share alone represents some 50% of the gross
domestic product (GDP) in the United States
(US) (Donangelo et al., 2015); thus, labour market

conditions play an important role in determining the
effect of AI investment on firms in the US market (Ace-
moglu et al., 2014; Jung & Lim, 2020; Li et al., 2020). This
argument is further grounded in the consideration that
technology-driven production limits human involvement,
which can reduce labour share (Hogarty et al., 2019;
Jung & Lim, 2020; Kakatkar et al., 2020). To put it differ-
ently, a lower labour share (a lower unit labour cost)
implies a higher degree of competitiveness as firms can
lower the cost of labour compensation (wages, salaries,
and other benefits). The resulting reduction in the cost of
labour arising from firm investment in AI will, therefore,
decrease the overall cost burden and release resources
that can contribute to firm growth (Kwon & Stone-
man, 1995). This can be expressed in our next two
hypotheses:

Hypothesis 2. High labour share negatively
moderates the relationship between AI invest-
ment and firm growth.

Hypothesis 3. There is a weak linear rela-
tionship between AI investment, high labour
cost and firm growth.

Much as high labour costs can be reduced by AI
investment, high labour productivity can reduce the
amount of time an AI-automated plant spends to produce
goods or provide services (Dalton et al., 2022). However,
this productivity may come at a cost, as (high cost)
employees with STEM skills are required due to their
possession of specialist knowledge (i.e., sophisticated
skills) that will enable them to manage AI-powered tech-
nologies (Acemoglu et al., 2014; Andrews & Saia, 2017;
Arik & Geho, 2017). All other things being equal, this
should lead to a reduction in production time, resulting
in a decrease in the unit cost of production, but may be
counterbalanced by an increase in unit labour costs. Sim-
ilar arguments are explored in-depth in the literature
(Chen, 2020; Khanna & Sharma, 2018; Liu et al., 2020;
Ritter-Hayashi et al., 2019), leading to our final
hypothesis:

Hypothesis 4. The effects of AI investment
on firm growth are stronger when labour pro-
ductivity is high.

3 | EMPIRICAL STRATEGY

3.1 | Empirical model

To investigate the impact of AI investment on growth, we
estimate the following model below:

4 TINGBANI ET AL.
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Yi,t ¼ β0þβ1Yi,t�1þβ2AIi,tþβ3Ki,tþβ4Pi,tþμi,tþλtþνi,t,

ð1Þ

where Model (1) estimates the impact of AI investment
on firm growth (Hypothesis H1), while Model (2) deter-
mines the moderating role of labour market conditions
on AI investment and firm growth. The dependent vari-
able denotes firms' growth for firm i in year t measured
as a one-year growth rate of sales (SALE) at time t-1, con-
structed as (SALEt�1 � SALEt�2)/SALEt�2. We also
consider various alternative measures of firm growth in
our robustness checks in Section 5.1. In model (1), AI is
the key independent variable which denotes AI invest-
ment measures as the total proportion of AI skills for
a firm.

Given the difficulty in obtaining data on firm-level AI
investment, we follow the approach of several prior stud-
ies (Alekseeva et al., 2021; Babina et al., 2022; Fedyk
et al., 2022): given that AI-skilled labour is a key input to
AI implementation, we construct a new measure of firm
investments in AI based on the intensity of hiring in AI-
skilled labour, relying on public job postings and
employee profile databases. Adopting pre-specified lists
of key terms and job positions directly involved in AI
from Burning Glass Technologies (see Appendix A,
Table A1), we search for these terms in every employ-
ment record and relevant biographical data of each indi-
vidual in several publications, including Boardex,
Marquis' “Who's Who,” Prabook, Nndb, Relationship Sci-
ence, and also via Wikipedia, Google, and Bing search
engines. This search yielded information on 2558 out of
4909 AI-related North American firms. We then matched
the employer's name to the names of publicly traded
firms in the Compustat data set using the approach
developed by Fedyk and Hodson (2023). Following Jiang
and Lie (2016), we exclude firms from industries that are
heavily regulated (given that their financial positions can
be subject to regulatory supervision), resulting in exclud-
ing financial firms (SIC codes 6000-6999) and utilities
(SIC codes 4900-4999) from the sample. Moreover, to
avoid survivorship bias, the sample includes survivors
and non-survivors: using criteria proposed by Bartel et al.
(2007) and McLean (2011), we require firms to have posi-
tive sales and assets. After this selection process, we were
left with a sample of 1950 firms from 1996 to 2016.

To capture labour market conditions, Pit denotes the
set of labour market condition variables, including labour
share, labour cost, and labour productivity. We follow
Donangelo et al. (2015) to construct empirical measures
of labour share and Breit et al. (2019) for our construction

of labour productivity and labour costs. Detailed defini-
tions of these variables can be found in Table 1. Follow-
ing prior research (Hanlon et al., 2017; Rahaman, 2011),
we also include capital expenditure (CAPEX), market to
book value (MBV), five-year repatriation tax cost
(REPTAX), net tax loss carried forward (NOL) network-
ing capital (NWC), effective tax rate (ETR), Altman score
(ALTMAN), fixed assets growth (FAG), and firm size
(FSIZE) as control variables to guide the study. The Vi is
the unobserved firm effects (fixed effects), the parameter
λt is the time dummy variable,εit the idiosyncratic
shocks. β1�4 are vectors of parameters to be estimated. In
the model, we control for firm-pair fixed effects (μij) to
control for the unobservable heterogeneity. λt controls for
idiosyncratic shocks:α0 is the constant. νij,t represents the
error term.

Next, to test Hypothesis 2, we capture the interactive
effect of AI investment and Labour market conditions on
firms' growth using the following regression models
below:

Yi,t ¼ β0þβ1Yi,t�1þβ2AIi,tþβ3Xi,tþβ4Ki,tþβ4Pi,t

þ μi,tþ λtþνi,t,

ð2Þ

whereXi,t is the interaction of AI Investment and labour
market conditions (labour share, labour cost, and
labour productivity). The rest of the variables are the
same as in Model 1.

In terms of the estimator utilized, this panel model
presents several econometric issues which need to be sur-
mounted. In the first instance, OLS estimation will likely
produce biased estimation due to the correlation between
the unobserved firm-specific effects and the lagged
dependent variable. Taking first differences could elimi-
nate the firm-specific-effects problem. On the other hand,
the first-difference transformation may lead to inconsis-
tent OLS estimates when effects are spread out over time;
additionally, the first differencing will eliminate time-
invariant or slow-moving variables. Second, the question
of AI and firm growth is a potentially endogenous rela-
tionship, given that some of the explanatory variables in
our model are not strictly exogenous.

To overcome these two challenges, we employ the
system GMM dynamic panel estimator (Arellano &
Bover, 1995; Blundell & Bond, 1998), which offers several
advantages. First, it allows us to instrument the exoge-
nous variables with their own lagged values if they are
not correlated with the error term. Second, the system
GMM addresses potential endogeneity issues across vari-
ables by estimating the equations jointly in differences
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and levels. Additionally, it also corrects any additional
biases due to the correlation between the fixed-specific
effects and the lagged dependent variable (Guney &
Tepe, 2017).

In our estimation, we used the one-step system
GMM estimation by using different sets of lagged instru-
ments that best fit the commonly utilized diagnostics,
namely the AR (2) and Hansen J-tests. Against this

backdrop, different lag structures are needed to capture
these dynamics. However, the Hansen J-test of overrid-
ing restrictions and the AR (2) confirms the validity of
the instruments. In the dynamic model, we expect to
have a first-order serial correlation (i.e., AR (1)) and no
second-order serial correlation (i.e., AR (2)). The results
of these tests are presented in each of the regression
tables.

TABLE 1 Variables Definition.

Name Definition Data source

AI Investment Proportion of AI skills (AI Share). Calculated as share of the firm's employees who are
AI-skilled/ total number of employees

Based on Author's
calculations

Firm growth Measured as a one-year growth rate of sales (SALE) at time t-1. This constructed as
(SALEt�1 � SALEt�2)/SALEt�2

Compustat

Labour market
conditions (LC)

(Labour share, labour cost and labour productivity)

Labour share Staff Expense – Total/(Operating Income Before Depreciation + Inventories –Finished
Goods *). We set ΔINVFGit to zero when either INVFGit or INVFGi,t � 1 are
missing.

XLRit/OIBDPit +ΔINVFGit +XLRit

Compustat

Labour cost Average cost of labour per unit of output produced LABEX is an imputed measure of
labor expenses constructed as:

LABEXit = WAGEit (EMPi,t � 1 + EMPit/2). Where EMP is the number of
Employees, I denotes firm i's industry, and WAGEit the average of WAGEit = XLRjt
((EMPj,t � 1 + EMPjt)/2) across firms j � I with non-missing values for these
variables on year t.

Compustat

Labour Productivity Total sales (SALE) divided by the number of employees (EMP) in a company Compustat

Talent management
(talent)

An index that measures how easy is it for a country retain talented people. [1 = the best
and brightest leave to pursue opportunities in other countries; 7 = the best and
brightest stay and pursue opportunities in the country]

Global
Competitive
index

Tobin's Q The market value of equity (PRCC times CSHO) plus total assets (AT) minus the book
value of equity (ceq + txdb), divided by total assets (AT)

Compustat

ROA Operating income before depreciation (OIBDP) divided by total assets (AT). Compustat

Book-to-market
(MBV)

Book value of equity (CEQ) divided by market value of equity (PRCC times CSHO) Compustat

Firm Size Natural logarithm of book assets (AT) Compustat

Effective Tax Rate The ratio of tax expense (TXT) to pre-tax income (PI) (Lisowsky et al., 2013) Compustat

5-year repatriation tax
cost (REPTAX)

Income (PIFO) times (35%) and foreign income taxes paid (TXFO) over the previous
5 years.

Compustat

Net tax loss carry
forward (NOL)

NOL as the balance of tax loss carryforwards scaled by total assets (TLCF/AT), where
NOL is set equal to zero when tax loss carryforwards is missing

Financial crisis A dummy variable is a proxy for crisis 1 for the crisis periods (1991, 2001, 2007, 2008,
and 2009) and 0 for any other years.

Capital expenditures
(CAPEX)

Capital expenditures (CAPX), scaled by total assets at the beginning of the period (AT). Compustat

Net Working Capital The ratio of working capital (ACT�LCT) minus cash and marketable securities (CHE)
to total assets (AT)

Compustat

fixed assets growth
(FAG)

The one-year growth rate of fixed assets (PPENT) at time t � 1:
(PPENTt�1 � PPENTt�2)/PPENTt�2.

Compustat
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4 | EMPIRICAL RESULTS

4.1 | Descriptive statistics and univariate
analysis

Table 2 reports the summary statistics for the study. The
findings reveal that the average share of hired AI-skilled
individuals to the total number of employees is 0.3%,
with a standard deviation of 0.041%. The standard devia-
tion figure shows a substantial variation in the average
AI share in the sample. Of equal significance is firms'
growth. Our findings suggest a mean firm's growth in the
sample of 32 per cent with a median and standard devia-
tion of 11% and 85%, respectively. The control variables'
descriptive statistics are analogous to prior studies
(see Ferrando & Mulier, 2013; Hanlon et al., 2017;
Rahaman, 2011).

4.2 | Pearson's correlation matrix

Table 3 reports the results of the Pearson correlation
matrix for the study. The evidence suggests a positive cor-
relation between AI investment and firms' growth. This
initial result reinforces our claim that AI investment posi-
tively impacts firm growth. The correlations among all
the control variables are below 50%, consequently sug-
gesting no multicollinearity issues among the individual
variables.

4.3 | Baseline regression results

Table 4 reports the baseline regression estimations on the
effect of AI investment on the firm's growth. We begin by
estimating Model 1 without controlling for specific firm
characteristics. The findings of these estimations have
not been reported in the paper but could be presented
upon request. Further, we control the unobservable het-
erogeneity and time trend effect on the AI investment-
firm growth relationship in Table 4.

Column 1 of Table 4 presents the findings of the AI
investment and firms' growth, and columns 2, 3, 4 and
5 for the relations between labour market conditions
(labour share, labour cost and labour productivity) on
firms' growth. Like the univariate analysis, the evi-
dence reveals the relationship between AI investment
and firms' growth to be significantly positive, support-
ing hypothesis 1 of the study. The evidence suggests
that secular investment in AI positively impacts the
individual growth of firms. In particular, the results in
column (1) of Table 4 suggest the coefficient of the AI
investment be positive and statistically significant at
the 1% level (= 0.00368, t-statistic = 2.15). The results
show that a 10% decrease (increase) in AI investment
leads to a decrease (increase) in firms' growth by
0.04%. This provides a strong and consistent pattern
with similar studies (Babina et al., 2022), which sug-
gests faster growth for firms that invest in
AI. According to (Babina et al., 2020), industries that

TABLE 2 Descriptive statistics. Mean SD Perc 10 Median Perc 90

Firm growth (%) 32 85 00 11 39

AI Share (ratio) 0.003 0.041 0 0 1

Labour share (%) 60 69 59 59 61

Labour cost (ratio) 1.67 1.14 0.00 1.88 3.17

Labour productivity (ratio) 1074.29 15656.7 0.00 16.11 322729.66

Market to book value (ratio) 5.05 2.22 2.25 3.24 7.96

REPOTAX �0.005 0.028 0.00 0.00 0.12

NOL 11.9 441 0.00 0.079 3.42

Capital expenditure (ratio) 0.050 0.084 0.00 0.02 0.126

Net working capital (ratio) 3.78 1.89 1.35 3.92 332.27

FirmSize (Million $) 7.67 1.79 5.52 7.53 10.12

Fixed asset growth (%) 0.220 0.686 0.00 0.00 1.024

Altman Score (ratio) 5.01 2.04 2.4209 5.114 7.750

Effective tax rate (%) 0.06 18.07 0.000 0.10 0.404

Note: This table reports the descriptive statistics of the variables under consideration. All variable definitions

are contained in Table 1.
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invest more in AI experience an overall increase in
sales and employment.

Column (2) covers the results of the effect of labour
market conditions on firms' growth. The evidence shows
a statistically negative and significant coefficient of the
labour share variable (= �0.0602, t-statistics = �4.10) on
firm growth at the 1% level, suggesting that a decrease
(increase) in the share of income going to labour results
in an increase (decrease) growth of firms which is consis-
tent with (Stanford, 2018). The evidence suggests that a
10% increase (decrease) in the total amount of labour
share is likely to increase (decrease) a firm's growth by

0.6%. According to Stanford (2018), a lower labour share
(a lower unit labour cost) implies a higher degree of com-
petitiveness and growth as firms can lower the cost of
labour compensation (wages, salaries, and other
benefits).

Similarly, we also find a significantly negative rela-
tionship between labour costs and firms' growth. Column
3 of Table 4 results show that the labour cost is negative
and statistically significant at the 1% level (= � 0.0206, t-
statistic = �23.98).

Finally, we examine the effect of labour productivity
on firms' growth and report the findings in Column 4 of

TABLE 4 Baseline regression: AI

investment and firms' growth.
Firm growth Labour share Labour cost Labour productivity

Firm Growth 0.0354** 0.00204 0.0440*** �0.00421

(2.31) (0.10) (9.92) (�0.22)

AI investment 0.00368** 0.00374** 0.000964*** 0.00316***

(2.15) (2.06) (5.13) (2.96)

LC �0.06023*** �0.0206*** 0.00922***

(�4.10) (�23.98) (6.88)

MBV 0.0312*** 0.0357*** 0.0156*** 0.0246***

(4.52) (4.70) (14.51) (4.43)

NOL �0.0850*** �0.0261 �0.00379 �0.0137

(�3.50) (�0.92) (�0.66) (�0.68)

REPOTAX 2.373*** 2.952*** 0.647*** 1.863***

(3.30) (2.83) (8.50) (3.62)

CAPEX �0.292 �0.256 �0.341 �0.322

(�1.21) (�1.10) (�7.13) (�1.51)

NWC 0.0263 0.0314 0.0166*** 0.00546

(1.41) (1.37) (6.30) (0.41)

Firm Size 0.152*** 0.0587 0.158*** 0.119***

(4.97) (1.46) (26.85) (5.93)

FAG 0.0629** 0.0801*** 0.0758*** 0.0545***

(2.55) (3.82) (18.56) (2.60)

Altman Score �1.069*** �0.984*** �0.987*** �0.997***

(�35.99) (�25.91) (�143.41) (�34.01)

ETR 0.000623 0.00868 0.00514*** 0.00776***

(0.11) (1.09) (5.61) (3.95)

N 486 486 486 486

AR1 0.14 0.24 0.12 0.15

AR2 0.001 0.001 0.001 0.001

Note: This table presents the results of the relationship between AI investment and Firms' growth. Column
(1) provides the results of the relationship between AI investment and firms' growth. Column (2) reports the
effect of labour share on firm grwoth. Column (3) presents the relationship between labour cost on firm
growth. Column (4) presents the relationship between labour productivity on firm growth. Detailed

definition of all the variables is in Table 1. Time and industry dummies are included in the estimations, but
not reported. T statistic in brackets. Degrees of freedom in brackets. ***, **, and * indicate statistical
significance at 1%, 5% and 10% levels, respectively.
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Table 4. The results find labour productivity to be positive
and statistically significant at 1% (= 0.009, t-statistic
=6.88) on firm growth. Economically, the results suggest
that a 10% increase (decrease) in labour productivity
results in a 0.09% increase (decrease) in firms' growth.
The overall evidence from Columns (1)–(4) suggests that
labour market frictions significantly impact firms' level of
growth, as observed by previous studies (Mourre, 2009;
Stanford, 2018).

The study finds their estimated coefficients to be
broadly consistent with theoretical and empirical

literature (Babina et al., 2020; Ferrando & Mulier, 2013;
Rahaman, 2011). We find a significant and positive rela-
tion between firm size and firms' growth in all the
models except Model 2, indicating that larger firms are
faster compared to small firms. However, we find a posi-
tive and significant relationship between NWC and firms'
growth in Columns (3), which suggests that an increase
in investment in NWC is likely to boost firms' growth.
Ferrando and Mulier (2013) discovered that adopting
working capital is theoretically justified and empirically
helpful in testing firms' growth behaviour. Interestingly,

TABLE 5 AI investment, labour

market condition and firms' growth.
Labour share Labour cost Labour productivity

Firm growth 0.0290 �0.0294*** 0.0268***

(1.57) (�6.24) (6.80)

AI investment �0.00348** �0.00166*** �0.00122**

(�2.06) (�3.11) (�2.13)

MBV 0.0231*** 0.0114*** 0.00631***

(3.32) (4.19) (3.39)

NOL �0.0686*** �0.0216*** �0.0643***

(�3.55) (�4.13) (�5.25)

REPOTAX 1.358** 0.254 1.858***

(2.38) (1.56) (10.38)

CAPEX 0.00519 �0.114 �0.0971

(0.03) (�1.34) (�1.03)

NWC 0.0687*** �0.0300*** 0.0126***

(4.18) (�5.36) (2.62)

Firm size 0.0792*** 0.209*** 0.0404***

(3.11) (15.23) (3.41)

FAG 0.0840*** 0.0239*** 0.0335***

(4.37) (4.67) (4.40)

Altman score �1.099*** �1.000*** �1.057***

(�32.52) (�69.84) (�75.52)

ETR 0.00386 �0.00785*** �0.00556**

(0.70) (�4.41) (�2.11)

LC X AI investment 0.0245*** 0.00791** 0.0151***

(3.33) (2.19) (10.50)

N 486 305 195

AR1 0.74 0.123 0.123

AR2 0.001 0.005 0.002

Note: This table presents the results of the relationship between AI investment, labour market conditions
and Firms' growth. Column (1) provides the results of the relationship between AI investment, labour
market conditions (measured by labour share) and firms' growth. Column (2) presents the relationship
between AI investments, labour market conditions (measured by labour cost) on firm growth. Column (3)

presents the relationship between AI investments, labour market conditions (measured by Labour
productivity) on firm growth. Detailed definition of all the variables is in Table 1. Time and industry
dummies are included in the estimations, but not reported. T statistic in brackets. Degrees of freedom in
brackets. ***, **, and * indicate statistical significance at 1%, 5% and 10% levels, respectively.
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we also find a significantly positive relationship between
MTB, REPOTAX and FAG. ETR was only found to be
positive and significant in Columns (3) and (4).

In contrast, we find a significantly negative relation-
ship between Altman on firms' growth in all Columns
(1)–(4). Similarly, we find a negative relationship
between NOL and firm growth in Columns (1). In con-
trast, we find an insignificant relationship between
CAPEX and firm growth throughout all the Columns
(1)–(4).

4.4 | Moderation effect of labour market
conditions on AI investment—Firms
growth relationship

The overall evidence in Table 4 underscores the signifi-
cance of AI investment and labour market conditions on
firms' growth outcomes. We assess AI investment's effect
on firm growth through labour market conditions to
develop more precise insight into our results' economic
impact. To accomplish this, we interact with labour mar-
ket conditions with AI. We maintain that an efficient
labour market outcome is particularly relevant, enhanc-
ing AI growth opportunities for firms. We expect AI
investments to spur firms' growth through adequate
labour market conditions.

Table 5 presents evidence of our baseline results of
Equation 2. We find that the coefficient of the interactive
term of AI and labour market conditions (AI*LC) is sig-
nificantly positive throughout all the Columns (1)–(3).
The findings suggest that labour market conditions mod-
erate the relationship between AI investment and firms'
growth. The findings suggest efficient labour market con-
ditions further reinforce the positive relationship between
AI and firms' growth. This supports our hypotheses (H2–
H4) of the study.

The significantly positive relationship between the
interaction of AI and Labour market conditions on
firms' growth supports the empirical evidence, which
suggests that favourable labour market conditions sup-
port firms' investment (Fajgelbaum, 2020; Garcia-Vega
et al., 2019). Favourable labour market conditions
decrease firm growth—AI investment sensitivity by pro-
viding favourable production costs to support firms' AI
investment for growth. This aligns with prior studies
(Babina et al., 2020; Giunta et al., 2012; Laeven
et al., 2018). The control variables are broadly consis-
tent with extant literature, as established in previous
Table 4.

5 | ADDITIONAL RESULTS AND
ROBUSTNESS CHECKS

5.1 | Alternative measures of firm
growth

To further enhance our results' robustness, we assess
whether our analysis is sensitive to alternative measures
of firms' growth. In the previous estimation, we defined
firm growth as the ratio of the one-year growth rate of
sales (SALE). To enhance the robustness of our results,
we capture firms' growth using employment growth. Fur-
ther, we align the empirical estimations with the model
by replicating the tests of the model's estimates while
using employment growth instead of sales growth as the
dependent variable. This prevents any disconnections
between the theoretical characterization of firms' growth
and their acknowledged empirical counterpart.

Following similar firms' level-growth-related studies
(Babina et al., 2020; Rahaman, 2011), we construct
employment growth using the log transformation firms'
total employees (EMP) from the COMPUSTAT database
to normalize the distribution of the data. The findings are
presented in Table 6. Column 1 of Table 6 reveals evi-
dence of a significant impact of secular government AI
investment on firms' employment growth. Specifically,
we find the coefficient of AI to remain positive and statis-
tically significant with our alternative measure of firm
growth, as previously established in Table 4.

Columns (2)–(4) reveal the empirical results of the
interaction of labour market conditions and AI on firms'
employment growth. The evidence throughout Columns
(2)–(4) suggests that all three labour market conditions
measurements moderate the relation between AI invest-
ment and firms' growth. Overall, the findings displayed
in Table 6 confirm that our empirical results are not
influenced by using an alternative measure of growth.
The evidence suggests that AI investment can have a
much more significant spillover effect on firms' sales and
employment growth in markets with adequate labour
market conditions. Such conditions streamline the pro-
duction cost and increase productivity. This aligns with
Fajgelbaum's (2020) findings, which find labour market
frictions to constrain firms' fixed revenue-enhancing
investment opportunities essential for growth. Similarly,
according to (Kugler, 2007), firms operating in more rigid
labour markets face higher costs and delays when hiring
workers. This invariably has a spillover adverse effect on
their ability to undertake viable investment opportunities
to support their sales and employment growth (Table 7).
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5.2 | The real effect of labour market
conditions

The overall findings imply that labour market conditions
significantly impact firms' ability to invest in AI to
enhance their sales and employment growth. We offer in
this section evidence of the real effect of that labour mar-
ket conditions in accelerating firms' AI investment deci-
sions for growth.

5.2.1 | Institutional quality: Efficient use of
talents and information asymmetry

Several studies have highlighted the relevance of institu-
tional quality on the financial market's efficiency (see
Djankov et al., 2007; Haselmann et al., 2010). The overall
evidence gathered from these studies suggests that the
level of information asymmetry between market players
is minimized within markets with a high-quality

TABLE 6 Alternative measure of growth and labour market conditions.

Employment growth Labour share Labour cost Labour productivity

Firm growth �0.00305 0.0565*** �0.0272*** �0.00299***

(�0.58) (36.21) (�12.81) (�4.51)

AI investment 0.00277*** 0.000816 0.00354 0.00110

(3.96) (0.57) (1.26) (0.86)

MBV 0.00804*** �0.0182*** 0.0373*** �0.0110***

(2.92) (�6.14) (5.30) (�3.51)

NOL 0.0246*** 0.169*** 0.105*** 0.160***

(3.33) (8.74) (3.80) (7.53)

REPOTAX �1.231*** �4.107*** 0.319 �0.333***

(�5.14) (�21.33) (0.82) (�2.90)

CAPEX 0.425*** �0.293*** �1.519*** �0.152**

(3.07) (�3.24) (�17.12) (�2.22)

NWC 0.0141** 0.0546*** 0.0304*** �0.00661*

(2.26) (17.88) (4.40) (�1.78)

Firm size 0.894*** 0.322*** 1.332*** 1.297***

(75.40) (26.44) (30.28) (86.77)

FAG 0.0387*** 0.336*** 0.134*** 0.0739***

(4.10) (74.86) (16.88) (8.51)

Altman score �0.101*** 0.322*** 0.0291 �0.206***

(�6.67) (26.44) (1.08) (�15.51)

ETR 0.0201*** �0.0464*** �0.0210*** �0.00361*

(5.50) (�43.79) (�5.41) (�1.72)

LC �0.176*** �0.0578*** �0.0120819

(�41.12) (�4.41) (�1.63)

AI investment X LC 0.03037*** 0.102*** 0.009893***

(5.96) (3.40) (3.34)

N 343 342 289 188

AR1 0.171 0.125 0.126 0.147

AR2 0.001 0.002 0.002 0.001

Note: This table reports the relationship between AI, labour market conditions using alternative measures of growth. We define growth using the employment
growth instead of sales growth as the dependent variable. Column (1) provides the results of the relationship between AI investment and firms employment
growth. Column (2) provides the results of the relationship between AI investment and labour market conditions (measured by labour share) and firms'

growth. Column (3) presents the relationship between AI investments, labour market conditions (measured by labour cost) on firm growth. Column (4)
presents the relationship between AI investments, labour market conditions (measured by Labour productivity) on firm growth. Detailed definitions of all the
relevant variables can be found in Table 1. Standard errors are shown in parentheses. ***, **, and * indicate statistical significance at 1%, 5% and 10% levels,
respectively.
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institutional framework. In line with (Lei et al., 2018), we
adopt three information asymmetry proxies to determine
how information asymmetry impacts AI, Labour market
conditions, and firms' growth decisions. (1) firm size,
(2) firms' growth opportunities denoted by Tobin Q and
(3) R&D intensity measured by the ratio of R&D expendi-
ture to sales. The evidence is presented in Columns (1)–
(3) using the median of three information asymmetry
proxies.

We find throughout the sample that the coefficient of
the interactive term for AI and information asymmetry
(AI x Information asymmetry) has a higher magnitude
and statistical significance for firms with high informa-
tion asymmetry (Small, high Tobin's Q or R&D intensity).
The evidence suggests that high institutional quality

reduces information asymmetry among firms investing
for growth.

5.3 | Firm policy and AI investment

This section investigates the link between labour market
conditions and firms' policies to determine its implication
on firms' AI investment growth decisions. The overall
argument from our preceding evidence indicates that
favourable labour market conditions aid firms' AI invest-
ment growth decisions. Prior studies contend that favour-
able labour market conditions allow firms to explore
investment opportunities for growth (Fajgelbaum, 2020;
Kugler, 2007; Stanford, 2018). Fajgelbaum (2020) finds

TABLE 7 AI investment, institutional quality and firm growth.

Firm size High performance High R&D

Firm growth 0.0434* 0.0332*** 0.0332***

(1.75) (4.38) (4.38)

AI investment 0.00435** 0.00177* 0.00177*

(2.22) (1.69) (1.69)

AI investment x information asymmetry 0.178*** 0.0777*** 0.0777***

(3.62) (3.36) (3.36)

MBV 0.0366*** 0.0135*** 0.0135***

(5.83) (3.52) (3.52)

NOL �0.0820** �0.0868*** �0.0868***

(�2.45) (�5.03) (�5.03)

REPOTAX 3.255*** 1.767*** 1.767***

(4.61) (3.94) (3.94)

CAPEX �0.113 �0.507*** �0.507***

(�0.39) (�3.28) (�3.28)

NWC 0.0625*** 0.0148 0.0148

(3.27) (1.49) (1.49)

Firm size 0.120*** 0.133*** 0.133***

(3.75) (5.23) (5.23)

FAG 0.0188 0.0370*** 0.0370***

(0.62) (4.63) (4.63)

Altman score �1.048*** �1.065*** �1.065***

(�28.22) (�54.48) (�54.48)

ETR 0.0175** �0.00822*** �0.00822***

(2.28) (�2.81) (�2.81)

N 486 278 278

AR1 0.115 0.134 0.187

AR2 0.001 0.001 0.01

Note: This table reports the institutional relationship quality on the relationship between LC, AI and growth. Institutional quality is measured using the talent
management information asymmetry. Detailed definitions of all the relevant variables can be found in Table 1. Standard errors are shown in parentheses. ***,
**, and * indicate statistical significance at 1%, 5% and 10% levels, respectively.
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that labour market frictions constrain firms' fixed reve-
nue-enhancing investment opportunities essential for
growth. According to (Stanford, 2018), a lower labour
share (a lower unit labour cost) implies a higher degree
of competitiveness and growth as firms can lower the cost
of labour compensation (wages, salaries, and other bene-
fits). Therefore, with favourable labour market conditions
and inputs, firms with favourable financial policies are
better positioned to invest more in AI for growth.

Against this backdrop, we assess the effect of firm pol-
icy on AI-firms' growth relationship. To achieve this, we
evaluate AI's sensitivity-firms' growth relationship using
three firms' policies. Following prior studies (Bianchi &
Tosun, 2018; Faulkender & Petersen, 2012), the study
adopts the following three firm policies: innovation, divi-
dend payments and firms investment. The firm's innova-
tion policy is measured using the R&D ratio
approximated as R&D expenses over total assets.

TABLE 8 AI investment, firm policies and growth.

R&D Dividend Investment R&D Dividend Investment

Labour share Labour share Labour share Labour cost Labour cost Labour cost

Firm growth 0.00937 �0.00552 0.0297** �0.0293*** �0.00824 0.0114

(0.90) (�0.28) (2.24) (�5.32) (�1.07) (0.66)

AI investment �0.00259** �0.00190 �0.00323** �0.00183*** �0.00215*** �0.00336**

(�2.56) (�0.79) (�2.06) (�4.11) (�3.20) (�2.04)

MBV 0.0103*** 0.0179*** 0.0241*** 0.0135*** 0.0210*** 0.0339***

(3.30) (3.10) (3.69) (5.69) (5.54) (5.12)

NOL �0.0563*** �0.0296 �0.0653*** �0.0275*** �0.0590*** �0.0549***

(�5.79) (�1.24) (�3.52) (�5.02) (�4.44) (�3.37)

REPOTAX 0.997** 1.079* 1.412*** 0.0359 0.302 0.260

(2.53) (1.65) (2.60) (0.23) (1.31) (0.44)

CAPEX 0.307** �0.543** �0.0207 �0.175** 0.262** �0.449**

(2.00) (�1.98) (�0.11) (�2.17) (2.23) (�1.96)

NWC 0.0195** 0.0543*** 0.0602*** 0.00383 0.0303*** 0.0116

(2.03) (3.81) (3.54) (0.57) (3.05) (0.74)

Firm size 0.0768*** 0.0518** 0.0827*** 0.221*** 0.0384** 0.248***

(4.76) (2.07) (3.37) (19.72) (2.42) (6.81)

FAG 0.0741*** 0.150*** 0.0871*** 0.0215*** 0.0655*** 0.0667***

(6.13) (7.42) (4.57) (4.51) (7.71) (3.34)

Altman score �0.943*** �1.105*** �1.095*** �1.001*** �1.175*** �1.102***

(�45.97) (�44.32) (�41.74) (�64.01) (�96.99) (�29.39)

ETR 0.00367 0.0151** 0.00673 �0.0101*** �0.0130*** �0.0154***

(1.17) (2.20) (1.34) (�6.32) (�6.12) (�3.36)

AI investment X LC 0.0394*** 0.0483*** 0.0237*** 0.00744*** 0.0269*** 0.0178***

(7.67) (4.69) (3.43) (2.79) (5.64) (2.98)

N 366 383 486 305 320 411

AR1 0.142 0.123 0.154 0.189 0.146 0.116

AR2 0.001 0.002 0.005 0.002 0.001 0.001

Note: This table presents the results of the relationship between AI investment, firm policies and growth. Firm policies are measured by three firms' policies,

namely: innovation, dividend payments and firms' investment. Firms' innovation policy is measured using R&D ratio approximated as R&D expenses over total
assets. Dividend payments are measured as a dummy variable that takes a value of one if a firm paid a dividend over the last fiscal year and zero if otherwise.
We adopt three investment policies (fixed-income investment, capital expenditure and cash acquisition). We measured investment policies, as a dummy
variable that takes a value of one of the values of the three investment policies are greater than their median values and zero if otherwise. Detailed definition of
all the variables is in Table 1. A year and industry dummies are included in the estimations. T statistic in brackets. ***, **, and * indicate statistical significance

at 1%, 5% and 10% levels, respectively.
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Also, we constructed dividend payments using a
dummy variable that takes a value of one if a firm paid
dividends over the last fiscal year and zero if otherwise.
We also measured firms' investments using three invest-
ment policies (capital expenditure, fixed-income
investment, and cash acquisition). We denote a dummy
variable (favourable financial policies) assuming the
value of one (1) if each of the values of the three invest-
ment policies is higher than their median values and zero
(0) if otherwise.

Table 8 presents the results on the impact of firm poli-
cies on AI investment. The evidence presented in Col-
umns (1)–(6) reveals the empirical results of the
interaction of labour market conditions and AI on firms'
growth using the three firm policies. The evidence
throughout Columns (1)–(6) suggests that all three labour

market conditions measurements are positively and sig-
nificantly moderate the relation between AI investment
and firms' growth. Overall, the findings displayed in
Table 8 suggest that firms with favourable financial poli-
cies conditions AI investments, labour market conditions
and firms' growth relationship.

5.4 | Firm performance and growth

Next, in this section, we explore the implications of AI
investment on firms' economic performance. We con-
struct firms' performance using two measures return on
assets (ROA) (Aktas et al., 2015) and stock market perfor-
mance (Tobin's Q) (Martínez-Sola et al., 2013). However,
we have only reported ROA results, given that the results

TABLE 9 AI, labour market conditions on firm performance.

Firm performance growth Labour share Labour cost Labour productivity

Firm Growth 0.182*** 0.224*** �0.0473 0.199***

(3.93) (5.33) (�0.86) (7.21)

AI investment 0.00335*** 0.00518*** 0.00452*** 0.00369***

(2.66) (4.25) (3.65) (4.38)

MBV 0.0159*** 0.0152*** 0.0146*** 0.0114***

(7.09) (7.92) (5.73) (7.39)

NOL �0.0602*** �0.0387*** �0.0262** �0.0163***

(�5.59) (�4.63) (�2.27) (�2.66)

REPOTAX �1.153*** �0.956*** �0.444 �1.053***

(�3.52) (�4.27) (�1.44) (�4.57)

CAPEX �0.316** �0.208* 0.0163 �0.539***

(�2.01) (�1.75) (0.11) (�4.01)

NWC 0.0141** 0.0170*** 0.0149** 0.00410

(2.36) (3.19) (2.02) (1.06)

Firm Size �0.150*** �0.137*** 0.0507*** �0.0870***

(�11.66) (�12.58) (2.75) (�9.74)

FAG �0.0489*** �0.0363*** �0.0234*** �0.0106***

(�6.69) (�6.31) (�3.72) (�2.79)

Altman Score 0.157*** 0.141*** 0.109*** 0.217***

(12.70) (13.31) (6.01) (23.64)

ETR 0.0120*** 0.0138*** 0.00752*** 0.00745**

(5.07) (8.07) (3.99) (2.55)

AI Investment X LC 0.111*** 0.0127*** 0.0127***

(4.55) (5.72) (6.98)

N 361 361 305 195

AR1 0.102 0.139 0.124 0.189

AR2 0.001 0.001 0.01 0.001

Note: This table reports the relationship between AI, labour market conditions on firm performance. We define firm performance using ROA. Detailed
definitions of all the relevant variables can be found in Table 1. Standard errors are shown in parentheses. ***, **, and * indicate statistical significance at 1%,

5% and 10% levels, respectively.
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of the two measures are virtually the same. Table 9 pre-
sents the effect of AI investment on firm growth using
firm performance as a measure of growth. The evidence
presented in Table 9 is statistically significant, like those
presented in Table 4. We find AI investment to positively
and significantly affect firms' performance. In terms of
economic significance, the results in Column (1) of
Table 9 suggest that a 10% increase in AI investment is
associated with a 0.03% increase in the performance
growth of an average sample firm.

Similarly, empirical results of the interaction of
labour market conditions and AI on firms' performance
are presented in Columns (2)–(4) of Table 9. Columns

(2)–(4) reveal the empirical results of the interaction of
Labour market conditions and AI on firms' employment
growth. The evidence throughout Columns (2)–(4) sug-
gests that all three labour market conditions measure-
ments are positively and significantly moderate the
relation between AI investment and firms' performance.

5.5 | The sensitivity of the crisis period

Further, we explore the sensitivity of our analysis of
financial crises. Our argument is inspired by prior evi-
dence that firms' investments in innovation are

TABLE 10 The crises effect.

Firm growth Labour share Labour cost Labour productivity

Firm growth 0.0299** 0.0297** 0.0403 0.0616***

(2.05) (2.24) (1.51) (4.68)

AI investment 0.00328** �0.00323** �0.00260 0.00158

(2.29) (�2.06) (�1.21) (1.04)

MBV 0.0135** 0.0241*** 0.0499*** 0.00927

(2.42) (3.69) (5.21) (1.56)

NOL �0.0441*** �0.0653*** �0.0488 �0.132***

(�2.76) (�3.52) (�1.53) (�7.42)

REPOTAX �2.006*** �0.360 �1.391* �1.472***

(�4.62) (�0.78) (�1.81) (�3.92)

CAPEX �0.0397 �0.0207 �0.817** �1.008***

(�0.20) (�0.11) (�2.37) (�4.14)

NWC 0.0238** 0.0602*** 0.00163 0.0193

(2.06) (3.54) (0.06) (1.55)

Firm size 0.163*** 0.0827*** 0.152*** 0.221***

(6.07) (3.37) (2.73) (5.99)

FAG 0.00790 0.0327** 0.0687** 0.127***

(0.55) (2.13) (2.24) (7.54)

Altman score �0.959*** �1.095*** �1.126*** �1.147***

(�26.09) (�41.74) (�19.28) (�46.03)

ETR �0.00484 0.00673 �0.0183** �0.0150***

(�1.47) (1.34) (�2.33) (�3.16)

AI investment X LC 0.0237*** 0.0332** 0.0121***

(3.43) (2.21) (3.77)

361 486 411 265

AR1 0.112 0.152 0.174 0.19

AR2 0.001 0.001 0.01 0.001

Note: This table presents the results of the effects of financial crises on the relationship between AI investment and growth. A dummy variable is a proxy for
crisis 1 for the crisis periods (1991, 2001, 2007, 2008, and 2009) and 0 for any other years. Columns (1) of Table 10 reports the results on the impact of AI
investment on firms growth during the crisis periods, while Columns (2)–(4) presents results on the interactive effect of LC and AI investment on firms growth
during financial crisis periods. Detailed definition of all the relevant variables can be found in Table 1. Standard errors are shown in parentheses. ***, **, and *

indicate statistical significance at 1%, 5% and 10% levels, respectively.
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procyclical and adversely affected during economic down-
turns (Francois & Lloyd-Ellis, 2003). Paunov (2012) finds
that many firms need to abandon their ongoing innova-
tive investment projects during crises due to the increas-
ing demand uncertainties. Aghion et al. (2017) attribute
the cyclicality of firms' investments in innovation during
an economic crisis to the tighter credit constraints firms
face during economic downturns. According to the evi-
dence, when firms face tight credit constraints, long-term
investment becomes procyclical, thus increasing volatility
and lowering firm growth for a given investment rate.
This evidence suggests that the effect of AI on firms'
growth may be unique to the crisis periods. We divide our
sample into crisis and non-crisis periods to investigate this
possibility. Using the information on the US business
cycle expansions and contractions available from the
National Bureau of Economic Research, we identify the
years: 1991, 2001, 2007, 2008 and 2009 as crisis years and
present the results in Table 10. A dummy variable is a
proxy for crisis 1 for the crisis periods (1991, 2001, 2007,
2008 and 2009) and 0 for any other years.

Column (1) of Table 10 reports the results on the
impact of AI investment on firms' growth during the cri-
sis periods, while Columns (2)–(4) present results on the
interactive effect of labour market conditions and AI
investment on firms' growth during financial crisis
periods. The evidence throughout all Columns (1)–(4) of
Table 10 supports our previous evidence that AI and
labour market conditions significantly impact firms'
growth decisions.

6 | CONCLUSION

This study explored the impact of investment in artificial
intelligence on US firms' growth. Using a sample of pub-
licly traded US firms from the COMPUSTAT annual file
from 1996 to 2016, the study finds strong evidence that
AI investment positively impacts firm growth. The posi-
tive association between AI investment and firm growth
suggests that the rise in growth of firms in the US was
partly driven by the increase in AI investment among US
firms over the past decade.

We posit several explanations to comprehend the per-
formance of US firms during the review period. We dem-
onstrate that the operating landscape shapes the growth
of these firms. We find convincing evidence that ade-
quate labour market conditions moderate the sensitivity
of AI investment on firm growth. Our study's empirical
implication demonstrates that labour market conditions
influence corporate investment decisions and firm
growth. Labour market conditions in labour cost, labour
share and labour productivity induce AI investment-firm
growth sensitivity.

The results of our investigation offer meaningful con-
tributions to current literature. First, it is one of the earli-
est investigations of the effect of AI investment on firm
growth. Second, our model also, for the first time, sheds
light on the crucial role that labour market conditions
play in determining the effect of AI investment on firm
growth. Our finding shows that labour market conditions
moderate a firm's growth sensitivity, and AI investment
highlights an essential channel through which adequate
labour market conditions support firms' growth. This also
sheds light on the significance of adequate labour market
conditions in enhancing economic growth (Murphy &
Mercille, 2019; Quintana et al., 2016).

Our results should be interpreted, considering some
relevant limitations. First, we concentrated on US-traded
firms; thus, the findings might not be generalized to
other countries where the effect of AI investment on firm
growth may vary relative to the prevailing social-eco-
nomic factors. To put it differently, the result might not
be replicable in different countries. It is recommended
that future studies consider a cross-country analysis.
Another limitation worth acknowledging is that our
study covered a limited period from 1996 to 2016. Thus,
our results may suffer from an in-depth chronology.
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APPENDIX A

TABLE A1 List of skills in the Burning Glass Technologies job vacancies data set used to identify AI vacancies.

N Skill N Skill

1 AI ChatBot 37 Mlpy

2 AI KIBIT 38 Modular audio recognition framework (MARF)

3 ANTLR 39 MoSes

4 Apertium 40 MXNet

5 Artificial intelligence 41 Natural language processing

6 Automatic speech recognition (ASR) 42 Natural language toolkit (NLTK)

7 Caffe deep learning framework 43 ND4J (software)

8 Chatbot 44 Nearest neighbour algorithm

9 Computational linguistics 45 Neural networks

10 Computer Vision 46 Object recognition

11 Decision trees 47 Object tracking

12 Deep learning 48 OpenCV

13 Deeplearning4j 49 OpenNLP

14 Distinguo 50 Pattern recognition

15 Google cloud machine learning platform 51 Pybrain

16 Gradient boosting 52 Random forests

17 H2O (software) 53 Recommender systems

18 IBM Watson 54 Semantic driven subtractive clustering method
(SDSCM)

19 Image processing 55 Semi-supervised learning

20 Image recognition 56 Sentiment analysis/opinion mining

21 IPSoft Amelia 57 Sentiment classification

22 Ithink 58 Speech recognition

23 Keras 59 Supervised learning (machine learning)

24 Latent dirichlet allocation 60 Support vector machines (SVM)

25 Latent semantic analysis 61 TensorFlow

26 Lexalytics 62 Text mining

27 Lexical acquisition 63 Text to speech (TTS)

28 Lexical semantics 64 Tokenization

29 Libsvm 65 Torch (machine learning)

30 Machine learning 66 Unsupervised learning

31 Machine translation (MT) 67 Virtual agents

32 Machine vision 68 Vowpal

33 Madlib 69 Wabbit

34 Mahout 70 Word2Vec

35 Microsoft cognitive toolkit 71 Xgboost

36 MLPACK (C++ library)
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