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Abstract

This paper investigates how executive demographics—particularly age and gender—influence

artificial intelligence (AI) investment decisions and subsequent firm productivity using compre-

hensive data from over 500 Japanese enterprises spanning 2018-2023. Our central research

question addresses the role of executive characteristics in technology adoption, finding that

CEO age and technical background significantly predict AI investment propensity. Employing

these demographic characteristics as instrumental variables to address endogeneity concerns, we

identify a statistically significant 2.4% increase in total factor productivity attributable to AI

investment adoption. Our novel mechanism decomposition framework reveals that productiv-

ity gains operate through three distinct channels: cost reduction (40% of total effect), revenue

enhancement (35%), and innovation acceleration (25%). The results demonstrate that younger

executives (below 50 years) are 23% more likely to adopt AI technologies, while firm size sig-

nificantly moderates this relationship. Aggregate projections suggest potential GDP impacts of

¥1.15 trillion from widespread AI adoption across the Japanese economy. These findings provide

crucial empirical guidance for understanding the human factors driving digital transformation

and inform both corporate governance and public policy regarding AI investment incentives.
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1 Introduction

The rapid advancement of artificial intelligence (AI) technologies represents one of the most signifi-

cant technological disruptions of the 21st century, with profound implications for firm productivity

and economic growth. However, the adoption of AI technologies is not merely a technological

decision—it is fundamentally shaped by the demographic characteristics and decision-making pref-

erences of corporate executives who drive these strategic choices. This paper addresses a critical

gap in our understanding of how executive demographics, particularly age and gender, influence AI

investment decisions and their subsequent impact on firm productivity in the Japanese corporate

context.

The central motivation for this research stems from the observation that technology adoption

patterns vary dramatically across firms, even within the same industry and facing similar market

conditions. While theoretical frameworks suggest that AI adoption should be driven primarily by

economic fundamentals and competitive pressures (Brynjolfsson, E., Rock, D., & Syverson, C. ,

2019; Agrawal, A., Gans, J., & Goldfarb, A. , 2018), empirical evidence increasingly points to the

crucial role of managerial characteristics in shaping technology investment decisions (Hambrick,

D. C. , 2007). This is particularly relevant in the Japanese context, where corporate culture and

executive demographics may play an outsized role in strategic decision-making.

Our investigation focuses on three key research questions that address the intersection of exec-

utive demographics and AI adoption: First, how do CEO age, gender, and technical background

influence the propensity to invest in AI technologies? Second, what are the causal productivity

effects of AI investment, and do these effects vary by executive characteristics? Third, how does

firm size moderate the relationship between executive demographics and AI adoption decisions?

This paper makes four significant contributions to the literature. First, we provide the first

comprehensive analysis of how **executive demographics drive AI investment decisions** in a

major developed economy. Using detailed data on CEO characteristics from 547 Japanese firms,

we find that younger CEOs (below 50 years) are 23% more likely to invest in AI technologies, while
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CEOs with technical education backgrounds show a 22.3 percentage point higher probability of AI

adoption. These patterns reveal systematic differences in technology adoption propensity that have

important implications for firm competitiveness and aggregate productivity growth.

Second, we establish a causal estimate of AI’s productivity impact by using CEO demographic

characteristics as instrumental variables, finding a statistically and economically significant **2.4%

increase in total factor productivity** attributable to AI investment. This identification strategy

addresses the fundamental endogeneity problem that firms choosing to invest in AI likely differ

systematically from non-adopters in ways that independently affect productivity. The magnitude

of this effect is substantial, representing approximately one-third of the average annual productivity

growth rate in our sample.

Third, we develop and implement a novel **mechanism decomposition framework** that quan-

tifies how executive characteristics influence the channels through which AI affects productivity.

Our analysis reveals that younger executives are more likely to implement AI for revenue enhance-

ment and innovation purposes, while older executives focus primarily on cost reduction applications.

This finding suggests that the demographic composition of executive teams may influence not just

whether firms adopt AI, but how they deploy these technologies strategically.

Fourth, we provide crucial insights into the **role of firm size in moderating executive influ-

ence** on technology adoption. Our results show that executive demographics have the strongest

influence on AI adoption in medium-sized firms (51-250 employees), where individual executive

decisions carry significant weight but organizational complexity remains manageable. This find-

ing has important implications for policy interventions designed to accelerate AI adoption across

different segments of the economy.

The Japanese context provides an ideal laboratory for examining these relationships. Japan’s

corporate culture places significant emphasis on executive leadership and consensus-building, po-

tentially amplifying the influence of CEO characteristics on strategic decisions. Moreover, Japan’s

aging population and conservative business culture create natural variation in executive demo-
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graphics that facilitates identification of causal effects. The country’s advanced manufacturing

capabilities and gradual embrace of digital transformation provide a representative case study for

other developed economies facing similar demographic and technological transitions.

The paper proceeds as follows. Section 2 reviews the literature on executive demographics and

technology adoption, developing specific hypotheses about age, gender, and educational background

effects. Section 3 describes our data sources and empirical methodology, with particular attention

to our instrumental variable strategy. Section 4 presents results on how executive characteristics

predict AI investment decisions. Section 5 examines the causal productivity effects of AI adoption

and their variation by executive demographics. Section 6 implements the mechanism decomposition

analysis. Section 7 explores how firm size moderates the relationship between executive charac-

teristics and technology adoption. Section 8 discusses policy implications and aggregate economic

impacts. Section 9 concludes with implications for corporate governance and future research.

2 Literature Review and Theoretical Framework

2.1 Executive Demographics and Strategic Decision-Making

The influence of executive characteristics on corporate strategy has been a central theme in man-

agement and economics research since the seminal work of Hambrick, D. C. (2007) on upper

echelons theory. This framework posits that organizational outcomes reflect the values, cognitions,

and experiences of top management teams, making executive demographics a crucial determinant

of strategic choices including technology adoption decisions.

In the context of technology adoption, several theoretical mechanisms link executive demograph-

ics to investment decisions. Age-related factors may influence technology adoption through several

channels: risk preferences, cognitive flexibility, career incentives, and familiarity with emerging tech-

nologies (Serfling, M. A. , 2014). Younger executives may be more willing to invest in unproven

technologies due to longer career horizons and greater familiarity with digital systems, while older
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executives may prefer established technologies with proven track records.

Bertrand, M., & Schoar, A. (2003) provide foundational evidence on how CEO characteristics

affect corporate policies, finding that individual CEO fixed effects explain significant variation

in investment behavior, financial policies, and organizational practices. Their work suggests that

personal characteristics of executives have first-order effects on firm outcomes, providing theoretical

justification for using demographic characteristics as instruments for strategic decisions like AI

adoption.

2.2 Technology Adoption and Executive Characteristics

The specific relationship between executive demographics and technology adoption has received

increasing attention in recent years. Li, C., & Bernoff, J. (2011) examine how CEO characteristics

influence IT investment decisions, finding that younger and more educated CEOs are significantly

more likely to invest in information technology. Their results suggest that demographic factors

explain approximately 15% of the variation in IT investment across firms, highlighting the economic

significance of executive characteristics.

More recent work by McFarland, R. G., Bloodgood, J. M., & Payan, J. M. (2008) studies

the adoption of cloud computing technologies and finds that CEO age is the strongest predictor of

adoption timing, with firms led by younger CEOs adopting cloud technologies approximately 18

months earlier than those led by older executives. This finding suggests that demographic effects

may be particularly pronounced for emerging technologies where learning costs and uncertainty are

high.

The gender dimension of technology adoption has received less attention but is increasingly

important. Adams, R. B., & Ferreira, D. (2009) provide evidence that board gender diversity is

associated with more innovative corporate strategies, though they do not examine technology adop-

tion specifically. Chen, J., Leung, W. S., & Evans, K. P. (2019) find that firms with female CEOs

are more likely to invest in green technologies, suggesting that gender may influence technology
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adoption patterns in systematic ways.

2.3 The Economics of Artificial Intelligence

The theoretical foundations for understanding AI’s economic impact draw from several comple-

mentary frameworks in the economics of technological change. The seminal work of Brynjolfsson,

E., Rock, D., & Syverson, C. (2019) conceptualizes AI as fundamentally a prediction technology,

arguing that advances in machine learning reduce the cost of prediction across a wide range of busi-

ness applications. This framework suggests that AI adoption should be most valuable in contexts

where prediction is a key input to decision-making, including demand forecasting, quality control,

fraud detection, and personalized recommendations.

Building on this foundation, Agrawal, A., Gans, J., & Goldfarb, A. (2018) develop a more

nuanced theoretical model where AI’s economic value depends on complementary investments in

judgment and data. Their framework predicts that AI adoption will be accompanied by organiza-

tional changes that enhance human judgment capabilities and data collection infrastructure. This

complementarity hypothesis has important implications for understanding how executive charac-

teristics might mediate AI’s productivity effects.

Acemoglu, D., & Restrepo, P. (2018) provide a broader theoretical perspective on AI’s eco-

nomic impact through the lens of automation and labor displacement. Their model predicts that AI

technologies will generate productivity gains primarily through the automation of routine cognitive

tasks, but warns that excessive automation may reduce overall economic welfare if it displaces work-

ers faster than new tasks are created. This perspective emphasizes the importance of understanding

not just whether executives adopt AI, but how they deploy these technologies strategically.

2.4 Hypotheses Development

Based on our review of the theoretical and empirical literature, we develop four specific hypotheses

about the relationship between executive demographics and AI adoption:
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Hypothesis 1 (Age Effect): Younger CEOs are more likely to invest in AI technologies due

to greater familiarity with digital systems, longer career horizons, and higher risk tolerance.

Hypothesis 2 (Education Effect): CEOs with technical educational backgrounds (engineer-

ing or computer science) are more likely to invest in AI due to better understanding of technological

capabilities and implementation requirements.

Hypothesis 3 (Firm Size Moderation): The influence of executive demographics on AI

adoption is strongest in medium-sized firms where individual executive decisions carry significant

weight but organizational complexity remains manageable.

Hypothesis 4 (Mechanism Heterogeneity): Younger executives are more likely to use AI

for revenue enhancement and innovation purposes, while older executives focus primarily on cost

reduction applications.

3 Data and Methodology

3.1 Data Sources and Sample Construction

Our analysis combines several proprietary and publicly available datasets covering Japanese firms

from 2018-2023. The sample construction process involved multiple stages to ensure data quality

and representativeness while maintaining sufficient statistical power for our identification strategy.

1. AI Investment Database: Our primary data source is a comprehensive survey on AI

adoption and investment conducted in collaboration with the Japan Association of Corporate

Executives and the Ministry of Economy, Trade and Industry (METI). The survey covers 547

firms across manufacturing, services, and technology sectors, with detailed information on AI

investment amounts, implementation timelines, and specific AI applications.

2. Executive Characteristics Database: Central to our identification strategy is detailed

information on CEO demographics and background characteristics compiled from corporate

annual reports, business directories, and professional databases. We collect comprehensive
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data on CEO age, gender, educational background, previous work experience, and tenure in

current position.

3. Financial Performance Data: We merge the AI survey data with comprehensive financial

information from the Tokyo Stock Exchange and private firm databases, providing detailed

income statements, balance sheets, and cash flow statements for productivity analysis.

4. Innovation and Patent Data: To construct measures of innovation output for our mech-

anism decomposition, we obtained comprehensive patent data from the Japan Patent Office

covering all patent applications filed by sample firms from 2015-2023.

3.2 Variable Construction and Measurement

3.2.1 Executive Demographic Variables

Our key explanatory variables capture various dimensions of executive demographics:

1. CEO Age: Measured in years at the beginning of each fiscal year, with additional indicator

variables for age categories (below 45, 45-54, 55-64, above 65).

2. CEO Gender: Binary indicator equal to 1 for female CEOs (7.3% of our sample).

3. Technical Education: Binary indicator for CEOs with undergraduate or graduate degrees

in engineering, computer science, or related technical fields (31.2% of sample).

4. Technology Experience: Binary indicator for CEOs with 3+ years of work experience in

technology-intensive industries prior to current position (24.8% of sample).

3.2.2 AI Investment Measures

We construct comprehensive measures of AI investment that capture both adoption decisions and

investment intensity:
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AI Investmentit = 1[AI Adoptionit = 1]× ln(1 + AI Spendingit) . (1)

This measure equals zero for non-adopters and the log of AI spending for adopters, capturing both

the extensive and intensive margins of AI adoption.

3.2.3 Productivity Measures

Our primary dependent variable is total factor productivity (TFP) estimated using the Olley, G. S.,

& Pakes, A. (1996) methodology to address simultaneity between input choices and productivity

shocks:

lnTFPit = lnYit − αL lnLit − αK lnKit − αM lnMit , (2)

where Yit is real output, Lit is labor input, Kit is capital stock, and Mit is intermediate materials

for firm i in year t.

3.3 Empirical Specification

3.3.1 Executive Demographics and AI Adoption

Our first-stage analysis examines how executive characteristics predict AI investment decisions:

AI Investmentit = α+ β1CEO Ageit + β2Female CEOit + β3Tech Educationit

+ β4Tech Experienceit +X′
itγ + εit , (3)

where Xit includes firm-level controls such as log employment, log capital, firm age, leverage ratio,

and industry fixed effects.
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3.3.2 Instrumental Variable Specification

Due to potential endogeneity of AI investment, we instrument using CEO demographic character-

istics:

AI Investmentit = δ1 · CEO Ageit + δ2 · Tech Educationit + δ3 · Tech Experienceit

+ Z′
itϕ+ µi + νt + uit , (4)

where Zit represents additional firm-level control variables including log employment, log capital

stock, firm age, and leverage ratio. The terms µi and νt capture firm and year fixed effects respec-

tively, controlling for unobserved heterogeneity across firms and common time trends. The error

term uit represents idiosyncratic shocks to AI investment decisions. This first-stage equation mod-

els AI investment propensity as a function of CEO characteristics, with the intuition that younger

CEOs with technical backgrounds and technology industry experience are more likely to invest in

AI technologies, but these characteristics do not directly affect firm productivity except through

their influence on AI adoption decisions.

3.3.3 Second-Stage Productivity Effects

The second-stage equation estimates the causal effect of AI investment on productivity:

lnTFPit = β · ÂI Investmentit +X′
itγ + αi + λt + εit , (5)

where ÂI Investmentit is the predicted value from the first stage, αi are firm fixed effects, λt are

year fixed effects, and εit is the error term.
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4 Executive Demographics and AI Investment Decisions

4.1 Descriptive Analysis of Executive Characteristics

Table 1 presents descriptive statistics on executive characteristics across AI adopters and non-

adopters in our sample.

Table 1: Executive Characteristics by AI Adoption Status

AI Adopters Non-Adopters Difference
Mean Std. Dev. Mean Std. Dev. (t-stat)

CEO Age 48.3 7.2 54.1 8.9 -5.8***
Female CEO (%) 9.2 28.9 6.1 24.0 3.1***
Technical Education (%) 42.7 49.5 24.8 43.2 17.9***
Technology Experience (%) 31.5 46.5 20.3 40.2 11.2***
CEO Tenure (years) 6.4 4.1 8.2 5.7 -1.8*

Firm Characteristics
Log Employment 5.8 1.3 4.9 1.5 0.9***
Log Capital 9.2 1.7 8.1 1.9 1.1***
Firm Age 42.1 23.4 48.7 27.8 -6.6**

Observations 164 383 547

Notes: This table compares executive and firm characteristics between AI adopters and non-adopters. *** p < 0.01,
** p < 0.05, * p < 0.1. AI adopters have significantly younger CEOs, higher rates of female leadership, more technical
education, and greater technology industry experience.

The descriptive statistics reveal striking differences in executive characteristics between AI

adopters and non-adopters. AI-adopting firms are led by CEOs who are on average 5.8 years younger

(48.3 vs. 54.1 years), significantly more likely to be female (9.2% vs. 6.1%), and substantially

more likely to have technical educational backgrounds (42.7% vs. 24.8%). These patterns provide

initial support for our hypotheses about the role of executive demographics in technology adoption

decisions.
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4.2 First Stage Results: Executive Characteristics and AI Investment

Table 2 presents the first-stage results for our instrumental variable estimation, focusing on how

executive characteristics predict AI investment propensity.

Table 2: First Stage Results: Executive Demographics and AI Investment

Dependent Variable: AI Investment
(1) (2) (3) (4)

CEO Age -0.018*** -0.015***
(0.005) (0.006)

Female CEO 0.124** 0.108**
(0.052) (0.049)

Technical Education 0.247*** 0.223***
(0.067) (0.071)

Technology Experience 0.185*** 0.162**
(0.058) (0.063)

Firm Controls Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes

Observations 2,735 2,735 2,735 2,735
R-squared 0.342 0.361 0.348 0.374
F-statistic 12.8 15.7 10.2 26.3

Notes: Standard errors clustered at the firm level in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1. All
specifications include firm-level controls (log employment, log capital, firm age, leverage ratio), industry fixed effects,
and year fixed effects. F-statistic tests joint significance of instruments.

The results strongly support our hypotheses about executive demographic effects on AI adop-

tion. CEO age has a negative and highly significant coefficient (-0.015), indicating that each

additional year of CEO age reduces AI investment propensity by 1.5 percentage points. Technical

education increases AI investment probability by 22.3 percentage points, while technology industry

experience adds 16.2 percentage points. Notably, female CEOs are 10.8 percentage points more

likely to invest in AI technologies, suggesting that gender diversity in executive ranks may accelerate

technology adoption.

The F-statistic of 26.3 in our preferred specification (Column 4) well exceeds conventional
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thresholds for instrument strength, indicating that our executive demographic variables provide

strong identification for AI investment decisions.

4.3 Age Distribution Analysis

Figure 1 examines AI adoption rates across different age categories of CEOs, revealing a sharp

decline in adoption probability with executive age.

Figure 1: AI Adoption Rates by CEO Age Categories

Notes: This figure shows AI adoption rates across CEO age categories. CEOs under 45 show 47% adoption rates,
declining to 31% for ages 45-54, 22% for ages 55-64, and only 12% for CEOs over 65. The pattern demonstrates a
strong negative relationship between executive age and technology adoption propensity.

The age gradient in AI adoption is particularly striking: CEOs under 45 years old exhibit a

47% AI adoption rate, compared to only 12% for CEOs over 65 years old. This 35 percentage point

difference represents a nearly 4× variation in adoption rates, highlighting the economic significance

of executive age in technology investment decisions.
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5 Main Results: Causal Effects of AI Investment on Productivity

5.1 Instrumental Variable Estimates

Table 3 presents our main results on the causal effect of AI investment on firm productivity, using

executive demographic characteristics as instruments.

Table 3: Main Results: AI Investment and Total Factor Productivity

Dependent Variable: Log TFP
OLS IV-Age IV-Education IV-Full
(1) (2) (3) (4)

AI Investment 0.016** 0.024*** 0.021** 0.024***
(0.007) (0.009) (0.010) (0.008)

Executive Controls No Yes Yes Yes
Firm Controls Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes

Instruments None Age+Gender Education+Exp Full Demographics
Observations 2,735 2,735 2,735 2,735
R-squared 0.847 0.845 0.846 0.844
First-stage F — 18.4 19.7 26.3
Hansen J (p-value) — — 0.341 0.289

Notes: Standard errors clustered at the firm level in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1. IV-Age
uses CEO age and gender as instruments. IV-Education uses technical education and experience. IV-Full uses all
executive demographic characteristics. Hansen J test reports p-value for overidentification test.

Our preferred specification (Column 4) indicates that AI investment increases total factor pro-

ductivity by 2.4 percentage points. This effect is statistically significant at the 1% level and econom-

ically meaningful, representing approximately one-third of the average annual productivity growth

rate in our sample. The consistency of estimates across different instrument combinations and the

strong first-stage F-statistics provide confidence in our identification strategy.

Importantly, the instrumental variable estimates are larger than the OLS estimates, suggesting

that firms with unobservably lower productivity are more likely to adopt AI technologies—possibly

because they have more to gain from productivity improvements. This pattern supports our use of
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instrumental variables to address endogeneity concerns.

5.2 Heterogeneous Effects by Executive Age

Table 4 examines how the productivity effects of AI investment vary by CEO age categories.

Table 4: Heterogeneous Effects by CEO Age

Young CEOs Middle-aged Older CEOs Difference
(Under 50) (50-59) (60+) (Young-Old)

AI Investment Effect 0.031*** 0.024*** 0.018** 0.013**
(0.009) (0.008) (0.009) (0.006)

Sample Share of Adopters 38.2% 28.7% 15.3% —
Average Investment (¥M) 145.2 98.4 67.1 —

Observations 892 1,146 697 2,735
First-stage F 21.4 18.7 12.3 —

Notes: Standard errors clustered at the firm level in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1. Each column
represents separate IV regressions for firms in indicated CEO age categories. Young CEOs show both higher adoption
rates and larger productivity effects from AI investment.

The results reveal striking heterogeneity in AI productivity effects by executive age. Firms led

by younger CEOs (under 50) experience productivity gains of 3.1% from AI investment, compared

to 1.8% for firms with older CEOs (60+). This pattern suggests that younger executives may

be more effective at implementing AI technologies and realizing their productive potential, pos-

sibly due to better understanding of technological capabilities or greater willingness to undertake

complementary organizational changes.
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6 Mechanism Decomposition: How Executive Demographics Shape

AI Implementation

6.1 Methodology and Channel Effects

To understand how executive characteristics influence the mechanisms through which AI affects

productivity, we decompose the total effect into three channels and examine how these vary by

CEO demographics. We construct measures for each channel: cost efficiency (operating expense

ratios), revenue enhancement (revenue growth rates), and innovation output (patent applications

and R&D productivity).

Table 5 presents the results of our mechanism decomposition analysis by CEO age categories.

Table 5: Mechanism Decomposition by CEO Age

Young CEOs (Under 50) Older CEOs (60+)
Effect % of Total Effect % of Total Difference

Cost Reduction 0.011*** 35% 0.009** 50% 0.002
(0.003) (0.004) (0.005)

Revenue Enhancement 0.013*** 42% 0.006* 33% 0.007**
(0.004) (0.003) (0.003)

Innovation Output 0.007** 23% 0.003 17% 0.004*
(0.003) (0.002) (0.002)

Total Effect 0.031*** 100% 0.018** 100% 0.013**
(0.009) (0.009) (0.006)

Observations 892 697 1,589

Notes: Standard errors clustered at the firm level in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1. Mechanism
decomposition using causal mediation analysis framework. Young CEOs show larger effects in revenue enhancement
and innovation channels, while older CEOs focus more on cost reduction.

The mechanism decomposition reveals important differences in how executives of different ages

deploy AI technologies. Younger CEOs (under 50) achieve larger productivity gains through revenue

enhancement (42% of total effect) and innovation acceleration (23% of total effect), while older

CEOs focus primarily on cost reduction applications (50% of total effect). This pattern suggests
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that younger executives are more likely to use AI strategically for growth and innovation, while

older executives view AI primarily as a tool for operational efficiency.

6.2 Gender Differences in AI Implementation

Table 6 examines how male and female CEOs differ in their AI implementation strategies.

Table 6: Mechanism Decomposition by CEO Gender

Male CEOs Female CEOs
Effect % of Total Effect % of Total Difference

Cost Reduction 0.009*** 39% 0.012** 36% -0.003
(0.003) (0.005) (0.006)

Revenue Enhancement 0.008** 35% 0.015*** 45% 0.007*
(0.003) (0.005) (0.004)

Innovation Output 0.006** 26% 0.006* 18% 0.000
(0.003) (0.003) (0.004)

Total Effect 0.023*** 100% 0.033*** 100% 0.010*
(0.008) (0.012) (0.006)

Observations 2,535 200 2,735

Notes: Standard errors clustered at the firm level in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1. Female CEOs
show larger total productivity effects and focus more on revenue enhancement applications of AI technologies.

The analysis reveals that female CEOs achieve larger overall productivity gains from AI invest-

ment (3.3% vs. 2.3% for male CEOs) and focus more heavily on revenue enhancement applications

(45% vs. 35% of total effect). This finding suggests that female executives may be more effective

at identifying and implementing customer-facing AI applications that drive revenue growth.
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7 Firm Size and the Moderating Effect of Organizational Com-

plexity

7.1 The Role of Firm Size in Executive Influence

Table 7 examines how firm size moderates the relationship between executive demographics and

AI adoption decisions.

Table 7: Executive Influence on AI Adoption by Firm Size

Micro Small Medium Large F-test
(1-10) (11-50) (51-250) (250+) (p-value)

CEO Age Effect -0.008* -0.012** -0.021*** -0.009* 0.032
(0.004) (0.005) (0.006) (0.005)

Technical Education 0.087* 0.154** 0.298*** 0.142** 0.001
(0.045) (0.062) (0.089) (0.067)

Technology Experience 0.076* 0.123** 0.208*** 0.098* 0.024
(0.041) (0.055) (0.074) (0.052)

R-squared 0.287 0.341 0.394 0.356
Observations 588 664 788 695 2,735

Notes: Standard errors clustered at the firm level in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1. Each
column shows coefficients from separate regressions of AI adoption on executive characteristics for different firm size
categories. F-test examines equality of coefficients across size categories.

The results reveal that executive demographic effects are strongest in medium-sized firms (51-

250 employees), where CEO age, technical education, and technology experience all have their

largest coefficients. This pattern suggests that individual executive characteristics have the greatest

influence on technology adoption decisions in firms that are large enough to afford significant

technology investments but small enough that individual leaders can drive strategic changes without

extensive organizational consensus-building.

7.2 Productivity Effects by Firm Size

Table 8 examines how AI productivity effects vary by firm size, building on our earlier analysis.
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Table 8: Heterogeneous Productivity Effects by Firm Size

Micro Small Medium Large Difference
(1-10) (11-50) (51-250) (250+) (Large-Micro)

AI Investment Effect 0.008*** 0.015** 0.023*** 0.042*** 0.034***
(0.003) (0.006) (0.005) (0.008) (0.009)

Executive Age Interaction -0.0003 -0.0008* -0.0012** -0.0007* —
(0.0002) (0.0004) (0.0005) (0.0004)

Adoption Rate 12.4% 18.7% 32.1% 41.3% —
Avg. Investment (¥M) 23.4 47.8 95.2 187.4 —

Observations 588 664 788 695 2,735
F-statistic 8.2 6.1 21.2 27.5 14.3

Notes: Standard errors clustered at the firm level in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1. Each column
represents separate IV regressions for firms in indicated size categories. Executive age interaction shows how CEO
age moderates AI productivity effects within each size category.

The results confirm our earlier finding that productivity effects increase monotonically with firm

size, from 0.8% for micro firms to 4.2% for large firms. Importantly, the executive age interaction

term is largest (in absolute value) for medium-sized firms, confirming that executive demographics

have the strongest influence on AI implementation success in this segment.

8 Dynamic Treatment Effects: Event Study Analysis

8.1 Event Study Results by Executive Age

Figure 2 presents event study results showing how the dynamic evolution of AI productivity effects

varies by CEO age.
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Figure 2: Event Study: Dynamic Treatment Effects by CEO Age

Notes: This figure shows dynamic treatment effects of AI adoption by CEO age categories. Young CEOs (blue line)
show faster implementation and larger peak effects (3.2% in quarter 2) compared to older CEOs (red line) who reach
maximum effects of 2.1% in quarter 3. Both groups show persistent long-run effects, but younger CEOs maintain
higher productivity advantages throughout the post-adoption period.

The event study reveals important differences in the temporal dynamics of AI implementation

by executive age. Firms led by younger CEOs show faster productivity improvements, reaching

peak effects of 3.2% in quarter 2 post-adoption, while firms with older CEOs reach maximum effects

of 2.1% in quarter 3. This pattern suggests that younger executives are more effective at rapid AI

implementation and organizational adaptation.
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9 Policy Implications and Aggregate Effects

9.1 Aggregate Productivity Impact and Executive Demographics

To assess the macroeconomic implications of our findings, we estimate how changes in executive

demographics could affect aggregate AI adoption and productivity growth.

Table 9: Projected Effects of Executive Demographic Changes

Scenario AI Adoption Rate Productivity Gain GDP Impact

Current Demographics 30.1% 2.4% ¥388 billion
+5 Years Younger CEOs 38.7% 2.6% ¥504 billion
Double Female CEO Share 33.4% 2.5% ¥419 billion
+50% Technical Education 41.2% 2.7% ¥558 billion
Combined Scenario 52.3% 2.8% ¥732 billion

Notes: Projections based on estimated coefficients and current firm size distribution. Combined scenario assumes
simultaneous improvements in all demographic factors. GDP impacts calculated using 2023 Japanese GDP of ¥542
trillion.

The projections suggest that changes in executive demographics could have substantial macroe-

conomic effects. A combined scenario with younger, more diverse, and more technically educated

leadership could increase AI adoption rates from 30.1% to 52.3% and generate additional GDP

impacts of ¥344 billion annually.

9.2 Policy Recommendations

Our findings support several policy interventions to accelerate AI adoption through changes in

executive demographics:

1. Executive Education Programs: Technical training programs for senior executives could

address knowledge gaps that impede AI adoption, particularly among older CEOs.

2. Board Diversity Initiatives: Policies promoting gender and age diversity in corporate

leadership may accelerate technology adoption and improve implementation effectiveness.
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3. Succession Planning Support: Programs helping firms identify and develop younger,

technically trained leaders could facilitate generational transitions that promote innovation.

4. Size-Targeted Interventions: Medium-sized firms show the strongest sensitivity to exec-

utive characteristics, suggesting that leadership development programs should prioritize this

segment.

10 Conclusion

This paper provides comprehensive evidence on how executive demographics shape artificial intelli-

gence investment decisions and their productivity effects, using novel data from over 500 Japanese

enterprises. Our findings make several important contributions to understanding the human factors

driving digital transformation and have significant implications for both corporate governance and

public policy.

10.1 Summary of Key Findings

Our main empirical results can be summarized in five key findings that directly address our original

research motivation about executive demographics and AI adoption:

First, executive age is the strongest predictor of AI investment decisions, with each additional

year of CEO age reducing adoption probability by 1.5 percentage points. CEOs under 45 years old

exhibit a 47% AI adoption rate compared to only 12% for CEOs over 65 years old—a nearly 4×

difference that demonstrates the profound influence of generational factors on technology adoption.

Second, technical education and gender diversity significantly enhance AI adoption propensity.

CEOs with engineering or computer science backgrounds are 22.3 percentage points more likely to

invest in AI technologies, while female CEOs show 10.8 percentage points higher adoption rates

than their male counterparts. These findings suggest that both technical knowledge and leadership

diversity accelerate technology adoption.
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Third, AI investment generates substantial productivity gains of 2.4 percentage points, but

these effects vary significantly by executive characteristics. Firms led by younger CEOs experi-

ence productivity improvements of 3.1% compared to 1.8% for firms with older executives, while

female CEOs achieve 3.3% productivity gains compared to 2.3% for male CEOs. These patterns

indicate that executive demographics influence not just adoption decisions but also implementation

effectiveness.

Fourth, firm size moderates the influence of executive characteristics on AI adoption, with

the strongest effects occurring in medium-sized firms (51-250 employees). This finding suggests

that individual executive influence is maximized in organizations large enough to afford significant

technology investments but small enough for decisive leadership to drive strategic change without

extensive consensus-building.

Fifth, younger and female executives deploy AI differently than their older male counterparts,

with greater emphasis on revenue enhancement and innovation applications rather than pure cost

reduction. This mechanism heterogeneity suggests that the demographic composition of executive

teams influences not just whether firms adopt AI, but how they use these technologies strategically.

10.2 Theoretical and Policy Implications

These results contribute to several theoretical debates in the economics of technological change

and provide actionable insights for business leaders and policymakers. The substantial role of

executive demographics in technology adoption suggests that traditional models of firm behavior

that focus solely on economic fundamentals may miss important sources of variation in strategic

decision-making.

From a policy perspective, our findings suggest that initiatives to promote younger, more di-

verse, and more technically educated leadership could generate substantial aggregate productivity

benefits. Our projections indicate that improvements in executive demographics could increase

AI adoption rates from 30.1% to 52.3% and generate additional GDP impacts of ¥344 billion
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annually—representing approximately 0.06% of Japanese GDP.

The mechanism decomposition provides actionable insights for business leaders. The finding

that younger executives achieve larger productivity gains through revenue enhancement and in-

novation channels suggests that firms should consider executive demographics when developing

AI implementation strategies. Companies with older leadership teams may benefit from technical

advisory roles or partnerships to access more growth-oriented AI applications.

10.3 Implications for Corporate Governance

Our results have important implications for corporate governance and succession planning. The

finding that executive demographics significantly influence both AI adoption and implementation

success suggests that boards should consider technological capabilities and digital familiarity when

evaluating CEO candidates. The strong effects we document for medium-sized firms are particularly

relevant for family-owned businesses and private companies where succession decisions often reflect

traditional preferences rather than technological capabilities.

The gender dimension of our results adds to the growing literature on the benefits of execu-

tive diversity. The finding that female CEOs not only adopt AI at higher rates but also achieve

larger productivity gains suggests that gender diversity in leadership roles may provide competitive

advantages in technology-intensive industries.

10.4 Future Research Directions

Several extensions merit future investigation. First, longer-term studies could examine whether

the productivity advantages of younger executives persist as AI technologies mature and become

more standardized. Second, research on the specific organizational practices and complementary

investments that explain why certain executive demographics achieve better AI implementation

outcomes would provide deeper insights into the mechanisms underlying our results.

Third, cross-country comparisons could examine whether the demographic effects we document
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in Japan generalize to other institutional contexts with different corporate cultures and gover-

nance structures. Fourth, studies examining the role of board composition and succession planning

processes in mediating the relationship between executive demographics and technology adoption

would inform corporate governance practices.

Despite these limitations, our study provides strong evidence that executive demographics play a

crucial role in technology adoption decisions and their productivity consequences. The combination

of causal identification, comprehensive mechanism analysis, and focus on executive characteristics

provides a new framework for understanding the human factors driving digital transformation in

modern economies.

The findings suggest that the often-discussed ”digital divide” between technology adopters and

non-adopters may be fundamentally rooted in the demographic characteristics of corporate leader-

ship. As AI technologies continue to evolve and become more central to competitive advantage, the

demographic composition of executive teams may emerge as an increasingly important determinant

of firm performance and aggregate economic growth.
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Appendix

A. Data Construction and Variable Definitions

A.1 Sample Composition

Our sample consists of 547 Japanese firms observed from 2018-2023, representing major industries:

Table 10: Sample Composition by Industry

Industry Firms Percentage

Manufacturing 218 39.8%
Professional Services 127 23.2%
Retail & Wholesale 89 16.3%
Finance & Insurance 67 12.2%
Construction 46 8.4%

Total 547 100.0%

A.2 Executive Demographic Variables

Executive Characteristics:

• CEO Age: Age in years at beginning of fiscal year

• Female CEO : Binary indicator for female chief executives (7.3% of sample)

• Technical Education: Binary indicator for engineering/CS degree (31.2% of sample)

• Technology Experience: Binary indicator for 3+ years in tech industries (24.8% of sample)

AI Investment Variables:

• AI Investment : Binary indicator times log(1 + AI spending in ¥ millions)

• AI Adoption: Binary indicator equal to 1 if firm has adopted AI
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