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Investment efficiency is a key parameter in modern business as 
it reflects the optimisation of capital in ventures taken up by 
a firm through positive net present value. However, in recent 
times, it has been understood that Chinese firms have shown 
traits of underinvestment or overinvestment (Guariglia & Yang, 
2016; Gao et al., 2025). This leads to investment inefficiency and 
a loss in revenue for such firms. As a result, it is necessary to 
understand the factors responsible for such inefficiencies. 
The research also used artificial intelligence (AI) adoption as 
a mediating role in shaping capital allocation efficiency. Using 
an unbalanced panel dataset of 3773 firms from 2009 to 2023 
(27790 firm-year observations), a fixed effects model was used 
as a baseline model and two-stage least squares (2SLS) 
regression as a robustness check to address potential 
endogeneity. The results indicate that chief executive officer 
(CEO) age has a statistically significant negative effect on 
investment efficiency, meaning that older CEOs are associated 
with higher investment efficiency, while overseas experience 
and academic qualifications do not exert a consistent influence. 
Additionally, AI adoption also mediates the executive-
investment relationship significantly. These results have 
important implications for corporate governance, strategic 
leadership, and AI investment strategies in emerging markets. 
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1. INTRODUCTION 
 
The understanding of the investment efficiency of 
a firm is a key parameter, as it reflects the optimal 
allocation of capital to various business ventures. 
Chen et al. (2011) describe investment efficiency as 
the optimal allocation of capital within the projects 
of firms, which tends to fetch a positive net present 

value. This indicates that there is a substantial 
return to the investments made, and ensures that 
the firm is in a healthy position financially with 
the investment function. In the modern global 
business era, firms face the risk of unproductive 
costs, which eventually reduce the overall revenue of 
the firms. This leads to the need to improve 
the investment efficiency, as it would ensure that 
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the unproductive costs incurred by the firm are 
bypassed. Therefore, a better project selection and 
planning would be underway. However, the decisions 
on investments and the selection of projects depend 
on the executive board of the firm. As per the study 
by Al-Matari (2020), the characteristics of the board 
of directors and top executive management impact 
the corporate performance of firms. Factors like 
the size of the board along with the experience of 
the board play a critical part in determining 
the decision-making function of the firm.  

Furthermore, in the present day, the adoption 
of artificial intelligence (AI) has also become 
a benchmark in the enhancement of investment 
efficiency. Liu et al. (2024) indicate AI integration 
leads to better data processing levels within firms. 
Hence, the firms could predict the market trend in 
a more efficient manner. This AI integration also 
indicates the firms on projects to invest in. 
As a result, such influence in the decision-making 
regarding investments of firms also play a critical 
role in the operations. Overall, it could be 
considered that the characteristics of the executive 
management along with the integration of AI are 
helpful parameters in influencing the investment 
activities of the firm.  

Despite the rapid financial development of 
China, there are certain firms that still suffer from 
sub-optimal investments. Research by Guariglia and 
Yang (2016), has indicated that there is strong 
evidence among Chinese listed firms for investment 
inefficiency. This is caused by several parameters 
surrounding financial constraints and agency costs, 
which eventually lead to investment inefficiency. 
Another study by Gao et al. (2025), have also found 
instances of overinvestment or underinvestment 
made by firms towards various ventures. This shows 
that investment inefficiency has been structurally 
present within the Chinese A-listed firms. Therefore, 
it is subsequently necessary to understand the role 
that the top-level management has on such 
investment inefficiencies among Chinese firms.  

This brings to the research gap, as there is 
limited evidence of integrated studies that account 
for the impact of chief executive officer (CEO) 
characteristics on the firm investment levels while 
controlling for the integration of AI. As a result, this 
study bridges the gap and jointly examines executive 
traits and AI as a mediating factor in the context of 
Chinese A-share listed firms. 

The primary objective of this research is 
to empirically investigate the extent to which 
executive characteristics impact the investment 
efficiency of Chinese A-share listed firms. 
Additionally, the research also seeks to examine 
whether the adoption of AI acts as a mediating 
variable in this relationship, while accounting for 
firm-specific financial and operational factors. 

In order to address the identified gaps and 
fulfil the research objectives, the following research 
questions are identified: 

RQ1: To what extent do executive characteristics 
affect the investment efficiency of Chinese A-share 
listed firms? 

RQ2: Does the adoption of AI mediate 
the relationship between executive characteristics and 
investment efficiency? 

RQ3: How do firm-specific control variables 
influence investment efficiency? 

The study is structured into several sections. 
Section 1 introduces the background and 
the problem of the research, Section 2 reviews 
the relevant literature. Section 3 of the research 
identifies the research methodology, and Section 4 
presents the empirical analysis and provides 
the research results, whereas the Section 5 proposes 
the research discussion. Finally, the paper is 
concluded in Section 6, where the limitations and 
directions for future studies are also presented.  
 

2. LITERATURE REVIEW  
 

2.1. Theoretical framework  
 

2.1.1. Upper echelons theory  
 
This study, which aims to categorise the impact of 
executive characteristics of a firm on investment 
efficiency, uses the theoretical framework of upper 
echelons. Saiyed et al. (2023) indicate that 
the managers of the firm play an important role in 
the operations. This is because the managers are 
responsible for the strategic decisions of the firms. 
These also impact the performance of the firm. 
Under the upper echelons theory, the personal 
characteristics of a manager define the management 
style and the business environment followed by 
the firm (Oppong, 2014). These factors influence 
the strategic choices made by the managers on 
behalf of the firm. 

The same is further highlighted by 
the stewardship theory, which mentions that 
the directors work towards the best interest 
of the firm (Keay, 2017). Hence, under the upper 
echelons theory, it would mean that the managers 
would make decisions for the firm to ensure better 
organisational performance.  
 

2.1.2. Resource-based view  
 
The resource-based view (RBV) is another important 
theory that could be used to define the performance 
of a firm. As per the study by Lockett et al. (2009), 
the RBV looks into the internal parameters of 
the firm. These internal parameters are critical 
to ensure comparative advantage. This indicates that 
firms with unique internal capabilities could 
perform better than others. Moreover, Lockett et al. 
(2009) also indicate that the internal capabilities of 
the firm is a primary enabler for such firm 
characteristics. This is shown via the management 
and the decisions taken by the management towards 
the firm. A firm with good management would have 
greater unique capabilities in handling business 
decisions. Hence, this would lead to efficient 
operation of the company, leading to a better 
comparative advantage in the market.  
 

2.2. Impact of investment efficiency on firm 
performance  
 
The efficiency of investments within a firm impacts 
the performance of the firm as well. According 
to the study by Wu et al. (2024), the investment 
efficiency has 0.1% positive impact on return on 
assets (ROA), 0.03% positive impact on return on 
equity (ROE) and 1.2% positive impact on Tobin’s Q. 
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This indicates that as the investment efficiency of 
the firms improves, the firm performance also 
improves. The conclusion is drawn upon by 
analysing 89198 firm-year observations in 
the United States between 2010–2022. A panel data 
regression analysis is considered for this analysis 
with a Hausman test for segregation between fixed 
effects model (FEM) and random effects 
model (REM).  

Another literature by Salehi et al. (2022), also 
indicated that an improvement in the investment 
efficiency of a firm leads to better firm value. 
The increase in investment efficiency by 1% leads 
to an enhancement in firm value by 29.8%. Moreover, 
the second model with additional control variables 
also indicates that an improvement in investment 
efficiency leads to an enhancement in firm value by 
43.2%. These results were compiled by using 
generalized least squares approach on data of 
177 companies listed in the Tehran Stock Exchange 
between 2014 and 2021.  

The investment levels and efficiency also have 
a varied impact on the Chinese firms. In accordance 
with the study by Gao et al. (2025), the degree of 
overinvestment has a negative impact of 5% on 
corporate performance and the degree of 
underinvestment has a 7% negative impact 
on corporate performance. The results are reached 
by conducting a panel data analysis on 1918 Chinese 
firms between 2016 and 2020. This indicates that 
the investment efficiency is a key parameter for firm 
performance, as overinvestment and underinvestment 
both impact the firm performance adversely. Hence, 
it is necessary to have an efficient investment 
channel that would eventually enhance firm 
performance. A similar stance is also presented by 
Bao and Motlagh (2024), who find no significant 
impact of firm performance and investment 
efficiency. This is because of the failure of 
investment channels by effective leadership to 
enhance investment efficiency. Moreover, Bao and 
Motlagh (2024) also showed a negative relationship 
between overinvestment and firm performance. This 
further confirms that inefficient allocation of 
resources leads to market failure, and does not 
always impact firm performance as indicated.  
 

2.3. Impact of executive characteristics on firm 
performance  
 
The upper echelons theory as per Oppong (2014) 
reveal that the executive characteristics are 
an important element that determines the firm’s 
performance. Moreover, Lockett et al. (2009), further 
advocate that the executive characteristics operate 
as internal parameters that impact the competitive 
advantage of a firm. Hence, this could also indicate 
that the characteristics of the manager impact 
the performance of the firm. In accordance with 
the study by Setiawan and Gestanti (2022), it is 
understood that a greater educational factor of 
management has a positive impact on both 
investment policy and firm performance. 
As the educational qualification improves by one 
year, the investing policy improves by 3.9% and 
the firm’s performance improves by 3.3%. Moreover, 
Setiawan and Gestanti (2022) also show that 
an increase in the age of the executives leads to 
a negative impact on the investing policy as well as 
firm performance. An increase in age of 

management personnel reduces investment 
efficiency by 5.4% and the ROA by 1.3%. These 
results are achieved by analysing firms from 
Indonesia between 2010 and 2017. Moreover, 
Setiawan and Gestanti (2022), used a pooled 
ordinary least squares (OLS) regression model as 
a methodological approach in their study.  

Other studies find that the professional 
characteristics of the CEO also impact the firm’s 
performance. The study by Queen and Fasipe (2015), 
concludes that the presence of an insider CEO has 
a positive impact on the firm’s ROE by 2.22%. 
However, this relation is not statistically viable. 
On the other hand, the same study by Queen and 
Fasipe (2015) also revealed that ownership by 
the CEO leads to a fall in the ROE by 15.42%. This is 
statistically significant. Moreover, Queen and Fasipe 
(2015) also found conflicting reports as there was no 
direct impact of CEO tenure and CEO duality on 
the firm performance. The results of the study were 
concluded by conducting a linear regression across 
703 observations on top firms rated by 
the Russell 1000 index.  
 

2.4. Interlink between executive characteristics 
and investment efficiency  
 
The individual characteristics of the executives who 
are responsible for the management of a company 
also impact the investment efficiency of 
the company. As per the study by Wang et al. (2019), 
it was concluded that the presence of a male within 
the executive management had a 0.31% impact on 
the optimal allocation of investments. However, this 
parameter is not statistically significant. Moreover, 
the same study also concluded that the increase 
in the age of the executive had a negative impact on 
the investment efficiency by 0.05%. On the other 
hand, the additional educational years of 
the management also had a negative impact of 0.12% 
on the optimisation of investments. The study used 
data from Shanghai-Shenzhen A-share listed 
companies from 2010 to 2016. Moreover, least 
squares regression model was considered as 
a methodological approach for this paper. 
An additional study conducted in China by Huang 
and Qiu (2023), also concluded that executive 
characteristic score had a negative impact by 0.3% 
on investment efficiency. This score was calculated 
using factors such as executive position, executive 
ability, industry and reputation.  

A similar standpoint is also argued by Depperu 
et al. (2017) also present that managerial 
contribution is immense in ensuring efficient 
operations of the firm. Moreover, the same paper 
also presents the findings that executive 
characteristics are critical for the initial public 
offering preference of the company while going 
public. As a result, it is imperative for firms to look 
into executive characteristics to ensure efficient 
investment. Abed and Al-Najjar (2016) also present 
that voluntary disclosure of forward-looking 
information as a part of executive decisions are 
critical for growth opportunities of firm. This 
ensures that there is no information asymmetry 
within the stakeholders. This could be leveraged 
towards the operational and investment efficiency of 
firms. Thus, this literature also highlights 
the importance of executive characteristics within 
firms.  
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2.5. Adoption of artificial intelligence as a mediator 
to investment efficiency  
 
In the modern business dynamics, the growth of AI 
has also impacted the efficiency of investments 
made. As per the study by Zhao et al. (2024), it has 
been understood that an increase in AI investment 
as a mediator has a negative impact on investment 
levels. As there is an inverse relation between 
investment levels and investment efficiency. A fall in 
the investment levels indicates that there is greater 
capital allocation efficiency within the firms with AI 
as a mediator. These results were concluded by 
analysing data from Chinese A-listed firms between 
2010 and 2021. Another research by Liu et al. (2024), 
has conducted a qualitative analysis to understand 
the impact that AI have on the investment efficiency 
of firms. The literature found that AI optimisation 
allows market trend prediction and also helps in 
portfolio optimisation. This allows the firms to gain 
better investment efficiency in the markets. 
As a result, the adoption of AI is integral parameter 
in enhancing efficient investments. Naeem et al. 
(2024) also indicates that investment in AI has 
a positive impact on firm value in Pakistani 
organisations. This relation is further moderated by 
human capital, structural capital, and relational 
capital. Therefore, this indicates that AI-related 
projects help in improving the internal structure of 
firms. Moreover, this also helps firm managers and 
policymakers to understand the importance of AI 
and intellectual capital in enhancing firm value 
(Naeem et al., 2024). Therefore, this presents 
the impact of both AI and executive characteristics.  

Another literature by Chen et al. (2025), also 
analyse the mediating effect of AI on the investment 
efficiency. The paper reveals that the presence of AI 
has a negative impact on investment inefficiencies 
by 1.8%. Moreover, in an alternate model, the AI 
dummy also show a negative impact on investment 
inefficiency by 5%. These results are concluded by 
conducting a two-stage regression and instrumental 
variables (IV) regression on data from Chinese firms. 
 

2.6. Research gap  
 
The literatures show the nuanced impact that 
corporate executive characteristics as well as the AI 
integration have on the optimal investment of firms 
in China. However, there are substantial gaps in 
the literature, as there is no integrated study that 
analyses the impact of executive characteristics as 
well as AI integration on investment efficiency. 
For instance, papers like Wu et al. (2024) and Salehi 
et al. (2022) confirm that investment efficiency 
enhances firm performance. However, papers like 
Gao et al. (2025) and Wang et al. (2019) indicate that 
executive characteristics directly influence investment 
efficiency in emerging economies. However, 
the mediating role of AI remains underexplored in 
an integrated way as literature like Liu et al. (2024) 
and Chen et al. (2025), isolates and finds the direct 
effect of AI implementation on investment efficiency 
only. As a result, by providing an integrated insight, 
this particular research will bridge the gap. Finally, 
papers like Wang et al. (2019), use cross-sectional 
data or simple OLS models. This limits the ability of 
the study to control for unobserved firm 
heterogeneity. As a result, this research would also 

bridge the methodological gap by using a panel data 
regression approach.  

Based on the above, the research hypotheses 
are as follows: 

H1: Executive characteristics have a significant 
impact on corporate investment efficiency in Chinese 
A-share listed firms. 

H2: AI adoption mediates the relationship 
between executive characteristics and investment 
efficiency. 

H3: Firm-specific characteristics impact 
the investment efficiency significantly.  
 

3. METHODOLOGY  
 

3.1. Design of research  
 
The particular study employs a quantitative panel 
data research design to empirically analyse 
the impact of executive characteristics and AI 
adoption on investment efficiency in Chinese listed 
firms. As denoted by Shi et al. (2017), the use of 
a quantitative approach in finance is important as it 
helps to decode the complex nuances within 
financial data. As per Oppong (2014) and Lockett 
et al. (2009), this particular study is grounded in 
agency and upper echelons theory. Hence, 
longitudinal data and firm-fixed effects models are 
used in this analysis as it helps control for both 
observable and unobservable heterogeneity across 
firms over time.  

The research paper uses STATA 14.0 as 
the core software for the empirical analysis. 
The summary statistics, correlation analysis, and 
FEM and IV-two-stage least squares (IV-2SLS) are all 
analysed using the software.  
 

3.2. Data and selection of sample  
 
The data is selected from China Stock Market & 

Accounting Research Database1 and WIND database2. 
A comprehensive coverage of Chinese A-share listed 
companies is considered from these databases. Data 
in the research is considered between 2009 and 
2023. In a sample selection strategy, observations 
with missing values for key variables were excluded 
to ensure data integrity. From the dataset, a total of 
3773 firms were included in the study and a total of 
27790 firm-year observations were considered for 
the analysis.  
 

3.3. Variables and proxies  
 
Following variables — dependent variable 
(investment efficiency), independent variables (CEO 
age, CEO overseas experience, CEO academic 
qualification), mediating variables (AI adoption), 
control variables (firm size, leverage, ROA, Tobin’s Q) 
— are used in the research:  

Investment efficiency (INVE): This is the core 
dependent variable in the research. The INVE is 
constructed as per the insights by Biddle et al. 
(2009). The construction of the variable is shown in 
Eq. (1) and Eq. (2). This variable estimates 
the expected investment level based on firm 
fundamentals. 

 
1 http://www.csmar.com/en/  
2 https://www.wind.com.cn  

http://www.csmar.com/en/
https://www.wind.com.cn/
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As a result, a higher INVE value indicates greater 
deviation from the optimal investment level and 
thus lower corporate investment efficiency. 
On the contrary, lower INVE reflects higher 
corporate investment efficiency because of better 
alignment between actual and expected investments. 

CEO age (CAGE): The CEO age is the age of 
the CEO in years at the end of each fiscal year. 
As per Li et al. (2024), CAGE is a continuous variable 
that is measured and used as an independent 
measure in the research. 

CEO overseas experience (COVR): This variable 
indicates the experience of a CEO for working under 
overseas firms. This is a binary variable which is 
equal to 1 if the CEO has overseas experience. 
Otherwise, the value of the variable is 0. Wang et al. 
(2019) as well as Huang and Qiu (2023) show that 
executive exposure and characteristics influence 
investment efficiency. International exposure aligns 
with these characteristics. 

CEO academic qualification (CACA): 
The academic qualification is measured as a dummy 
variable. It is coded as 1 if the CEO holds a higher 
academic degree. Otherwise, it is coded as 0. 
Setiawan and Gestanti (2022) demonstrate that 
educational qualifications positively impact firm 
performance and investment policy. Hence, this 
variable is considered in the research.  

AI adoption (AIA1): This is the natural 
logarithm of the frequency count of AI-related terms 
in the annual reports of enterprise. Zhao et al. (2024) 
and Chen et al. (2025) confirm AI adoption impacts 
investment efficiency as a mediator.  

Firm size (SIZF): This is the natural logarithm of 
total assets at the end of each fiscal year. This is 
also a continuous variable that is considered in 

the research. As per Wu et al. (2024), larger firms 
generally have more resources and better access 
to financing. This also impacts investment 
efficiency.  

Leverage (LEVF): This is a continuous variable 
in ratio form. As per Gao et al. (2025), this is a ratio 
of total liabilities to total assets. The leverage also 
has an impact on the investment efficiency.  

Return on assets (ROAF): This is a continuous 
variable which indicates the net income divided by 
total assets at the end of the fiscal year.  
Wu et al. (2024), reveal that investment efficiency is 
linked with firm performance indicators like ROA. 

Tobin’s Q (TOBF): This is the ratio of market 
value of equity plus book value of debt to total 
assets (Gao et al., 2025). It is also a continuous 
variable which is used as a performance indicator 
for firm growth opportunities. This also influence 
investment efficiency. 
 

3.4. Empirical model specification  
 
The research first constructs the investment 
efficiency of firms. In order to do so, the research 
follows the insights presented by Biddle et al. (2009). 
From the same, the paper uses variables regarding 
firm growth and cash flow and regresses it 
to the investment made within the firm. 
The residuals of the regression analysis indicate 
the investment efficiency of the firm. In order to 
find the impact of AI integration, a mediation effect 
is checked upon using the Baron and Kenny (1986) 
mediation approach. 

The optimal investment of the firm is 
calculated as per Eq. (1):  

 

𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡 𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 = |𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡𝑖𝑡 − 𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡𝑖𝑡
̂ | (1) 

 
Here, Eq. (2) indicates the calculation of 

the residual of investment: 
 

𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡𝑖𝑡
̂ = 𝛼1 + 𝛼2(𝐺𝑟𝑜𝑤𝑡ℎ𝑖𝑡) + 𝛼3(𝐶𝑎𝑠ℎ 𝐹𝑙𝑜𝑤𝑖𝑡) + 𝛼4(𝑆𝑖𝑧𝑒𝑖𝑡) + 𝛼5(𝐹𝑖𝑟𝑚 𝐴𝑔𝑒𝑖𝑡) + 𝛾𝑗(𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦𝑗)

+ 𝛿𝑡(𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦𝑡) 
(2) 

 
With the investment efficiency measured, 

the various models to test the impact of 
the independent and mediator variables — impact of 
CAGE in isolation (Eq. (3)), impact of COVR in 
isolation (Eq. (4)), impact of CACA in isolation 
(Eq. (5)), complete model using CAGE, COVR and 
CACA (Eq. (6)), AIA1 as mediating variable (Eq. (7)), 

complete model using CAGE, COVR and CACA and 
AIA1 as mediating variable (Eq. (8)), IV-2SLS using 
CAGE Lag 1 as IV (Eq. (9)), IV-2SLS using CAGE, 
COVR and CACA (Eq. (10)), IV-2SLS using AIA1 as 
mediating variable (Eq. (11)), IV-2SLS complete model 
using CAGE, COVR and CACA and AIA1 as 
mediating variable (Eq. (12)) — are as follows: 

 

𝐼𝑁𝑉𝐸𝑖𝑡 = 𝛽1 + 𝛽2(𝐶𝐴𝐺𝐸𝑖𝑡) + 𝛽3(𝑆𝐼𝑍𝐹𝑖𝑡) + 𝛽4(𝐿𝐸𝑉𝐹𝑖𝑡) + 𝛽5(𝑅𝑂𝐴𝐹𝑖𝑡) + 𝛽6(𝑇𝑂𝐵𝐹𝑖𝑡) + 𝜀𝑡 
 

(3) 
 

𝐼𝑁𝑉𝐸𝑖𝑡 = 𝛽1 + 𝛽2(𝐶𝑂𝑉𝑅𝑖𝑡) + 𝛽3(𝑆𝐼𝑍𝐹𝑖𝑡) + 𝛽4(𝐿𝐸𝑉𝐹𝑖𝑡) + 𝛽5(𝑅𝑂𝐴𝐹𝑖𝑡) + 𝛽6(𝑇𝑂𝐵𝐹𝑖𝑡) + 𝜀𝑡 
 

(4) 
 

𝐼𝑁𝑉𝐸𝑖𝑡 = 𝛽1 + 𝛽2(𝐶𝐴𝐶𝐴𝑖𝑡) + 𝛽3(𝑆𝐼𝑍𝐹𝑖𝑡) + 𝛽4(𝐿𝐸𝑉𝐹𝑖𝑡) + 𝛽5(𝑅𝑂𝐴𝐹𝑖𝑡) + 𝛽6(𝑇𝑂𝐵𝐹𝑖𝑡) + 𝜀𝑡 
 

(5) 
 

𝐼𝑁𝑉𝐸𝑖𝑡 = 𝛽1 + 𝛽2(𝐶𝐴𝐺𝐸𝑖𝑡) + 𝛽3(𝐶𝑂𝑉𝑅𝑖𝑡)+𝛽4(𝐶𝐴𝐶𝐴𝑖𝑡) + 𝛽5(𝑆𝐼𝑍𝐹𝑖𝑡) + 𝛽6(𝐿𝐸𝑉𝐹𝑖𝑡) + 𝛽7(𝑅𝑂𝐴𝐹𝑖𝑡)
+ 𝛽8(𝑇𝑂𝐵𝐹𝑖𝑡) + 𝜀𝑡 

 

(6) 
 

𝐴𝐼𝐴1𝑖𝑡 = 𝜑1 + 𝜑2(𝐶𝐴𝐺𝐸𝑖𝑡) + 𝜑3(𝐶𝑂𝑉𝑅𝑖𝑡)+𝜑4(𝐶𝐴𝐶𝐴𝑖𝑡) + 𝜑5(𝑆𝐼𝑍𝐹𝑖𝑡) + 𝜑6(𝐿𝐸𝑉𝐹𝑖𝑡) + 𝜑7(𝑅𝑂𝐴𝐹𝑖𝑡)
+ 𝜑8(𝑇𝑂𝐵𝐹𝑖𝑡) + 𝑢𝑖𝑡 + 𝑣𝑖𝑡 

 

(7) 
 

𝐼𝑁𝑉𝐸𝑖𝑡 = 𝛽1 + 𝛽2(𝐶𝐴𝐺𝐸𝑖𝑡) + 𝛽3(𝐶𝑂𝑉𝑅𝑖𝑡)+𝛽4(𝐶𝐴𝐶𝐴𝑖𝑡) + 𝛽5(𝐴𝐼𝐴1𝑖𝑡) + 𝛽6(𝑆𝐼𝑍𝐹𝑖𝑡) + 𝛽7(𝐿𝐸𝑉𝐹𝑖𝑡)
+ 𝛽8(𝑅𝑂𝐴𝐹𝑖𝑡) + 𝛽9(𝑇𝑂𝐵𝐹𝑖𝑡) + 𝜀𝑡 

 

(8) 
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𝐶𝐴𝐺𝐸𝑖𝑡 = 𝜋1 + 𝜋2(𝐿1_𝐶𝐴𝐺𝐸𝑖𝑡) + 𝜋3(𝐶𝑂𝑉𝑅𝑖𝑡)+𝜋4(𝐶𝐴𝐶𝐴𝑖𝑡) + 𝜋5(𝐴𝐼𝐴1𝑖𝑡) + 𝜋6(𝑆𝐼𝑍𝐹𝑖𝑡) + 𝜋7(𝐿𝐸𝑉𝐹𝑖𝑡)
+ 𝜋8(𝑅𝑂𝐴𝐹𝑖𝑡) + 𝜋9(𝑇𝑂𝐵𝐹𝑖𝑡) + 𝜐𝑡 

 

(9) 
 

𝐼𝑁𝑉𝐸𝑖𝑡 = 𝛽1 + 𝛽2(𝐶𝐴𝐺𝐸𝑖𝑡
̂ ) + 𝛽3(𝐶𝑂𝑉𝑅𝑖𝑡)+𝛽4(𝐶𝐴𝐶𝐴𝑖𝑡) + 𝛽5(𝐴𝐼𝐴1𝑖𝑡) + 𝛽6(𝑆𝐼𝑍𝐹𝑖𝑡) + 𝛽7(𝐿𝐸𝑉𝐹𝑖𝑡)

+ 𝛽8(𝑅𝑂𝐴𝐹𝑖𝑡) + 𝛽9(𝑇𝑂𝐵𝐹𝑖𝑡) + 𝜀𝑡 
 

(10) 
 

𝐴𝐼𝐴1𝑖𝑡 = 𝜏1 + 𝜏2(𝐶𝐴𝐺𝐸𝑖𝑡
̂ ) + 𝜏3(𝐶𝑂𝑉𝑅𝑖𝑡)+𝜏4(𝐶𝐴𝐶𝐴𝑖𝑡) + 𝜏5(𝑆𝐼𝑍𝐹𝑖𝑡) + 𝜏6(𝐿𝐸𝑉𝐹𝑖𝑡) + 𝜏7(𝑅𝑂𝐴𝐹𝑖𝑡)

+ 𝜏8(𝑇𝑂𝐵𝐹𝑖𝑡) + 𝑢𝑖𝑡 + 𝑣𝑖𝑡 
 

(11) 
 

𝐼𝑁𝑉𝐸𝑖𝑡 = 𝛽1 + 𝛽2(𝐶𝐴𝐺𝐸𝑖𝑡
̂ ) + 𝛽3(𝐶𝑂𝑉𝑅𝑖𝑡)+𝛽4(𝐶𝐴𝐶𝐴𝑖𝑡) + 𝛽5(𝐴𝐼𝐴1𝑖𝑡) + 𝛽6(𝑆𝐼𝑍𝐹𝑖𝑡) + 𝛽7(𝐿𝐸𝑉𝐹𝑖𝑡)

+ 𝛽8(𝑅𝑂𝐴𝐹𝑖𝑡) + 𝛽9(𝑇𝑂𝐵𝐹𝑖𝑡) + 𝜀𝑡 
(12) 

 

3.5. Strategy of estimation  
 
The research uses an FEM under panel data 
regression as the baseline model. This is highlighted 
by Biddle et al. (2009). Using the FEM is useful here 
as it controls for unobserved heterogeneity across 
firms that is time-invariant. Other papers, like 
DeHaan (2021), also indicate that FEMs are widely 
used in financial econometrics. This is also because 
the FEM eliminate bias caused by omitted variables.  

A dynamic panel estimator, such as system 
generalized method of moments (GMM), could be 
an alternate methodology given the persistence of 
investment behaviour and potential endogeneity of 
executive characteristics. System GMM can control 
for lagged dependent variables, unobserved 
heterogeneity, and simultaneity bias using internal 
instruments (Sahnoun & Idrissi, 2025). However, it 
requires large cross-sectional dimensions and 
careful instrument management to avoid overfitting.  
 

3.6. Robustness estimation 
 
As a part of the robustness test, an IV-2SLS has been 
considered. As per Zahid et al. (2020), the ignorance 
of endogeneity in finance studies leads to biased 
results. Hence, an IV-2SLS estimation helps to 
address the same problem of endogeneity. 
As a result, under this research strategy, 
the robustness checks as per IV-2SLS would also 
validate the results of the FEM. If the results are 
similar, this would indicate consistency in the model 
and would also address issues like endogeneity.  
 

4. EMPIRICAL ANALYSIS AND RESULTS 
 

4.1. Statistical summary  
 
The statistical summary of the data used in 
the research is provided in Table 1.  

Table 1. Summary statistics 
 

Variable  N AVG SD Min. Max. 

INVE 27790 0.0873 0.0881 0.0000 0.9777 

CAGE 27793 50.2442 6.7895 25 82 

COVR 27793 0.0858 0.2801 0 1 

CACA 27793 0.1786 0.3830 0 1 

AIA1 27793 1.0846 1.2667 0 4.8122 

SIZF 27793 22.3234 1.2852 19.4149 26.4438 

LEVF 27793 0.4409 0.2024 0.0274 0.9246 

ROAF 27793 0.0374 0.0644 -0.3750 0.2552 

TOBF 27793 2.0257 1.2055 0.8445 7.3076 

Source: Author’s elaboration. 

 
From Table 1, it is evident that the N for INVE is 

27,790, and the N for the rest of the variables is 
27,793. The average values (AVG) for the variables, 
standard deviation (SD), minimum value (Min.) and 
maximum value (Max.) for the variables are as 
follows. For INVE, the mean efficiency for the sample 
is 0.0873. There is a variation noted worth 0.0881 
for the variable. The Min.is 0.0000, and the Max. is 
0.9777. The average value for CAGE is 50.2442 and 
has a deviation of 6.7895. The range is between 25 
and 82 years. For COVR, it is understood that 8.58% 
have overseas experience, 91.42% do not have 
overseas qualifications. The deviation within 
the variable is 28.01%. CACA is also a categorical 
variable. The average is 17.86% for individuals with 
higher academic qualifications for the CEO. 
On the contrary, 82.14% of individual CEOs do not 
have the highest academic qualification. 
The integration of AI is a logarithmic value that is 
considered for companies and their involvement in 

AI-based technologies. The AIA1 has a mean of 
1.0846, and the range for the variable is between 0 
and 4.8122. AIA1 also has a deviation worth 1.0846.  

The SIZF indicates the size of the firm. This is 
a control variable that accounts for the firm-
individual characteristics. SIZF has a mean of 22.32. 
The deviation within the sample is 1.2852, whereas 
the range is between 19.4149 and 26.4438. The LEVF 
of the firm denotes the leverage. The LEVF for 
the sample is 44.09%. This comes with a 20.24% 
deviation. Moreover, the variable ranges between 
2.74% and 92.46%. The average value for ROAF is 
3.74%. This comes with a variation of 6.44%. 
The range for ROAF is between -37.50% and 25.52%. 
Finally, TOBF has an average of 2.02%. The SD is 
1.2055, and the range is between 0.8445 and 7.3076.  

The correlation matrix analysis is also shown as 
a part of the descriptive statistics. The results of 
the correlation analysis are shown in Table 2.  
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Table 2. Correlation analysis matrix 
 

Variable INVE CAGE COVR CACA AIA1 SIZF LEVF ROAF TOBF 

INVE 1 0.0145 -0.0014 0.0024 0.0139 0.0961 0.0698 0.0570 -0.0957 

CAGE 0.0145 1 -0.0379 0.1719 0.0680 0.1218 0.0033 0.0276 -0.0348 

COVR -0.0014 -0.0379 1 0.1060 0.0796 -0.0042 -0.0513 0.0084 0.0463 

CACA 0.0024 0.1719 0.1060 1 0.1360 -0.0581 -0.0929 0.0236 0.0474 

AIA1 0.0139 0.0680 0.0796 0.1360 1 0.0520 -0.0812 -0.0305 0.0297 

SIZF 0.0961 0.1218 -0.0042 -0.0581 0.0520 1 0.4589 0.0509 -0.4117 

LEVF 0.0698 0.0033 -0.0513 -0.0929 -0.0812 0.4589 1 -0.3393 -0.3003 

ROAF 0.0570 0.0276 0.0084 0.0236 -0.0305 0.0509 -0.3393 1 0.2079 

TOBF -0.0957 -0.0348 0.0463 0.0474 0.0297 -0.4117 -0.3003 0.2079 1 

Source: Author’s elaboration. 

 
The correlation analysis shows that CAGE and 

INVE have a positive correlation. This correlation 
coefficient is statistically significant at the 95% 
confidence interval (CI). The other variables, like 
COVR and CACA, have a correlation coefficient of 
-0.0014 and 0.0024, respectively. However, these two 
variables of COVR and CACA are not statistically 
significant at any level. For the CAGE, there is 
a moderately weak correlation between CAGE and 
INVE. The AIA1, which acts as a mediator, has 
a moderately weak positive correlation. 
The correlation coefficient is 0.0139 and is 
statistically significant at 99% CI. Finally, the rest of 
the control variables like SIZF, LEVF, ROAF and TOBF 

are also correlated significantly with the INVE. 
The coefficient for SIZF is 0.0961, which indicates 
a strong correlation. LEVF has a moderate positive 
correlation with a coefficient of 0.0698. The ROAF 
also has a moderately positive correlation with 
a coefficient of 0.0570. Finally, TOBF has a strong 
and negative coefficient of -0.0957.  
 

4.2. Baseline regression analysis  
 
The Baseline regression analysis checks for 
the impact of the independent and moderating 
variables on the INVE. The same is shown in Table 3.  

 
Table 3. Impact on INVE using fixed effects models 

 
Variable INVE p-value INVE p-value INVE p-value INVE p-value 

CAGE -0.0004 0.0040     -0.0004 0.0030 

COVR   -0.0055 0.1080   -0.0060 0.0830 

CACA     -0.0009 0.7360 0.0006 0.8250 

SIZF -0.0145 0.0000 -0.0152 0.0000 -0.0154 0.0000 -0.0144 0.0000 

LEVF 0.0718 0.0000 0.0724 0.0000 0.0724 0.0000 0.0717 0.0000 

ROAF 0.2052 0.0000 0.2062 0.0000 0.2066 0.0000 0.2047 0.0000 

TOBF -0.0027 0.0000 -0.0027 0.0000 -0.0027 0.0000 -0.0027 0.0000 

CONS 0.3983 0.0000 0.3936 0.0000 0.3961 0.0000 0.3955 0.0000 

Source: Authors’ elaboration. 

 
The baseline regression analysis firstly shows 

the impact of CAGE on INVE as per Eq. (3). 
The baseline analysis shows that CAGE has 
a negative impact of 0.0004 percentage on the INVE. 
This estimate is also statistically significant. The rest 
of the control variables are also statistically 
significant here. The impact of COVR on INVE, as per 
Eq. (4), is also shown in Table 3. The estimate is 
worth a negative impact of 0.0055. However, this 
coefficient is not statistically viable. The CACA also 
has a negative impact of 0.009 percentage on 
the INVE. This is as per Eq. (5). This regression 
estimate is also not statistically significant.  

The results of the combined model, as per 
Eq. (6) is in Table 3. The table indicates that CAGE 
has a negative impact of 0.0004 percentage on INVE. 
The p-value of the same is also less than 0.05, 

making the relation significant at 95% CI. The other 
variables like COVR and CACA have an impact of 
-0.0060 and 0.0006, respectively. However, these 
variables have no statistically significant impact. 
The control variables all statistically impact the 
INVE. SIZF has a negative impact of 1.44%, whereas 
LEVF and ROAF have a positive impact of 0.0717 and 
0.2047, respectively, on INVE. TOBF also has 
a negative impact of 0.0027 on INVE.  
 

4.3. Extended model with mediator variable  
 
This particular segment of the empirical analysis 
indicates the impact that the mediator variable of 
AIA1 has on the INVE. The results are shown in 
Table 4.  

 
Table 4. Impact on INVE using fixed effects models and AIA1 as a mediating variable 

 
Variable AIA1 p-value INVE p-value 

CAGE 0.0094 0.0000 -0.0004 0.0100 

COVR 0.1236 0.0030 -0.0054 0.1200 

CACA 0.0151 0.6260 0.0007 0.8030 

AIA1 - 0.0000 -0.0052 0.0000 

SIZF 0.6820 0.0000 -0.0108 0.0000 

LEVF -0.4524 0.0000 0.0693 0.0000 

ROAF -1.2266 0.0000 0.1983 0.0000 

TOBF 0.0637 0.0000 -0.0024 0.0010 

CONS -14.5115 0.0000 0.3198 0.0000 

Source: Authors’ elaboration. 
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Table 4 indicates the impact of AIA1 as 
a mediating variable as shown in Eq. (7). The results 
of Table 4, Eq. (7), reveal that CAGE has a positive 
impact of 0.0094 percentage on AIA1 and is 
statistically significant. COVR also has a significant 
impact of 0.1236 percentage. CACA do not have 
a significant impact on AIA1. SIZF and TOBF have 
a positive impact on AIA1 by 0.6820 percentage and 
0.0637 percentage, respectively. LEVF and ROAF 
have a negative impact of -0.4524 percentage and 
-1.2266 percentage.  

Table 4 also indicates the amalgamated impact 
of the complete model, including the mediator 
variable of AIA1 on the INVE. The results of 
the model, as per Eq. (8), indicate that CAGE has 
a negative impact on INVE at 0.0004 percentage. 
The same is statistically significant at 99% CI. 
The additional independent variables of COVR and 
CACA have an impact of -0.0054 and 0.0007, 
respectively. These regression estimates are, 
however, not statistically significant. The AIA1 

mediator has a -0.0052 percentage impact on 
the INVE. This is also statistically significant. 
The SIZF variable has a negative impact of 0.0108 
percentage on INVE. TOBF also indicates a negative 
impact of 0.0024 percentage on INVE. The LEVF 
variable has a positive impact of 0.0693, and ROAF 
have a positive impact of 0.1983. These estimates 
have a statistically significant impact with a p-value 
under 0.05. 

 

4.4. Robustness check  
 
A robustness check is also provided in the study 
under Table 5. The robustness check follows 
an IV-2SLS model, which shows the impact of CEO 
characteristics on INVE, and then checks for 
the impact of AI as a mediating effect. Finally, 
the impact on the overall model is also shown in 
Table 5.  

 
Table 5. Impact on INVE using IV-2SLS models 

 
Variable INVE p-value AIA1 p-value INVE p-value 

CAGE -0.0004 0.0000 0.0073 0.0140 -0.0005 0.0010 

COVR -0.0014 0.4720 0.2529 0.0000 -0.0012 0.6840 

CACA 0.0018 0.2080 0.4158 0.0000 0.0045 0.0470 

AIA1 - - - - -0.0038 0.0000 

SIZF -0.0025 0.0000 0.1528 0.0000 -0.0015 0.0640 

LEVF 0.0290 0.0000 -0.9523 0.0000 0.0249 0.0000 

ROAF 0.1363 0.0000 -2.2886 0.0000 0.1300 0.0000 

TOBF 0.0019 0.0000 0.0788 0.0000 0.0017 0.0140 

CONS 0.1391 0.0000 -2.4226 0.0000 0.1266 0.0000 

Source: Author’s elaboration. 

 
The IV-regression analysis as per Eq. (10) is 

indicated in Table 5. The robustness check reveals 
that CAGE has a negative impact of 0.0004 
percentage on INVE and is significant. COVR and 
CACA are not statistically viable. SIZF has a negative 
impact on INVE at -0.0025 percentage. LEVF, ROAF 
and TOBF have a positive impact on INVE at 0.0290, 
0.1363 and 0.0019 percentage, respectively.  

Table 5 also indicates the impact of AIA1 as 
a mediating variable. This is as per Eq. (11) using 
IV-2SLS. The model shows that CAGE has a positive 
impact on AIA1 by 0.0073 percentage. SIZF and 
TOBF have a positive impact on AIA1, whereas LEVF 
and ROAF have a negative impact on AIA1. 

The results of the robustness analysis as per 
Eq. (12) indicate that CAGE have a negative and 
significant impact on INVE. The estimate is -0.0005. 
The COVR has a negative impact on INVE. 
The estimate is -0.0012; however, the same is 
statistically not significant. The CACA under Table 5 
indicate a positive coefficient which is also 
statistically significant. The coefficient is 0.0045, 
and the p-value is less than 0.05. AIA1 has an impact 
of -0.0038 percentage on the INVE. This estimate is 
also statistically significant at 95% CI. The SIZF has 
a negative impact of -0.0015 on INVE. The same also 
has a p-value of 0.0640, which makes it statistically 
significant at 90% CI. The LEVF, ROAF and TOBF also 
show a positive impact on the INVE. The coefficients 
are 0.0249, 0.1300 and 0.0017, respectively. These 
estimates are also statistically significant. 
 
 
 

4.5. Results  
 
The empirical analysis indicates that Chinese firms 
in the sample have a Capital allocation efficiency of 
8.73%. For the independent variables as well, there is 
an average age of 50.2442 for CAGE. 8.58% of 
the COVR indicate that 8.58% of the CEOs have been 
abroad for overseas experience, whereas the rest of 
91.42% do not have the same. The CACA of 17.86% 
show that there is an academic qualification of 
17.86% of CEOs. 82.14% of the CEOs do not have 
higher academic qualifications. The correlation 
matrix also indicates that CAGE and INVE are related 
weakly. The mediator variable of AIA1 also has 
a moderate and significant positive correlation 
to the INVE at a coefficient of 0.0139. The rest of 
the control variables are also significantly correlated 
with TOBF, showing a negative correlation.  

The baseline regression model, as per Table 3 
show that only the attribute of CAGE is significantly 
related to INVE. The coefficient is -0.0004, and 
the p-value is less than 0.05. This means that a one-
year increase in CAGE reduces INVE by 0.0004 units, 
indicating a small improvement in investment 
efficiency. The combined model, as per Table 3 and 
Eq. (6), also indicates the same. The addition of 
the mediating variable of AI, denoted by AIA1 as per 
Eq. (7), indicates that older CEOs are associated with 
higher investment efficiency (lower INVE) with 
a coefficient of –0.0004. CAGE also significantly 
increases the likelihood of AIA1 by 0.0094 
percentage. On the other hand, the increase in AI 
investment reduces INVE by 0.0052 units. This 
translates into higher corporate investment 
efficiency. These are the only two independent 
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variables that are completely significant, as the other 
factors of education and foreign experience are not 
statistically significant. With respect to the control 
variables, the increase in the SIZF leads to a fall in 
INVE, indicating higher investment efficiency by 
1.08%. The TOBF indicator rise also leads to a fall in 
INVE. This means greater investment efficiency by 
0.24%. LEVF and ROAF have positive coefficients, 
meaning they increase INVE and, therefore, reduce 
investment efficiency. 

The robustness check analysis also confirms 
that CAGE continues to exhibit a negative and 
significant impact on INVE, indicating higher 
investment efficiency. CAGE has a positive and 
statistically significant effect on AIA1 at 0.0073 
percentage. This indicates that older CEOs are more 
likely to facilitate AI integration within firms. AIA1 
is associated with a significant reduction in INVE, 
which in turn indicates improvement in investment 
efficiency. There is a negative effect of 
approximately 0.0005 units of INVE for each 
additional year of CAGE, indicating improved 
investment efficiency. Moreover, the integration of 
AIA1 also has a negative impact on INVE by 0.38%. 
This means that increased AI integration improves 
investment efficiency across Chinese firms. 
In summary, the robustness check confirms that 
CAGE improves investment efficiency (reduces 
INVE), and this effect is partially mediated through 
increased AIA1. The IV-2SLS results support 
the main findings and mitigate concerns about 
endogeneity bias. 
 

5. DISCUSSION  
 
The results of the empirical analysis show that CEO 
age has a negative coefficient on investment 
efficiency, meaning that older CEOs are associated 
with higher investment efficiency. A one-year 
increase in CEO age reduces investment efficiency by 
approximately 0.0004 units, indicating a small 
improvement in investment efficiency. This finding 
contrasts with Setiawan and Gestanti (2022), who 
reported that increasing CEO age reduces 
investment efficiency. The difference suggests that 
the role of CEO age may be context-specific and 
shaped by institutional factors unique to China. 
The results also align with the upper echelons 
theory as indicated by Oppong (2014). This shows 
that the demographic factors of CEOs, such as age, 
shape the strategic decisions regarding the firm. One 
possible explanation for the improvement in 
efficiency is that older CEOs may rely on 
accumulated experience and adopt more disciplined 
investment policies, reducing deviations from 
optimal investment levels. Hence, this leads to 
slower adoption of innovative investment strategies, 
leading to a fall in efficiency. 

AI adoption has a significant and negative 
effect on investment efficiency, indicating that 
increased AI integration improves investment 
efficiency. The coefficients on AI adoption (-0.0052 
in the FEM and -0.0038 in the IV model) indicate that 
greater AI adoption consistently reduces investment 
efficiency. The research by Liu et al. (2024) 
concluded that the inclusion of AI in the corporation 
helps optimise the portfolio. Thereby, it also allows 
better investment efficiency. Hence, AI integration is 
an important parameter for Chinese firms. 

The consistent negative effect of AI adoption on 
investment efficiency is aligned with the RBV, which 
emphasises that technological capabilities enhance 
internal resource allocation efficiency. 

The usage of the robustness check models 
reinforces the stability of the CEO age and AI 
adoption on the investment efficiency. This 
robustness check also stabilises the methodological 
reliability over OLS and FEM. This also addresses 
the methodological gap that had been left by Wang 
et al. (2019).  
 

6. CONCLUSION  
 
This particular research aimed at analysing 
the impact of executive characteristics and 
the adoption of AI on the investment efficiency of 
Chinese A-listed firms. The study is also built upon 
the theoretical frameworks of the upper echelons 
theory and RBV, which indicates the importance of 
demographic factors of CEOs as an important 
parameter in managing the operations of the firm. 
This also indicates that the CEOs are important 
internal actors of the firm, which eventually drives 
the direction of progress of the firm.  

This particular research analysed a total of 
3773 firms across 27790 firm-year observations 
from China between 2009 and 2023. A panel 
regression using fixed effects was considered as 
the baseline methodology for the analysis. Moreover, 
an additional IV-2SLS was incorporated within 
the empirical methodology as a robustness check. 
The analysis shows that CEO age has a negative 
impact on investment efficiency, meaning that older 
CEOs are associated with higher investment 
efficiency. However, the other factors, like overseas 
experience and academic background, do not have 
a statistical impact on the efficiency levels of 
investment within Chinese firms. This leads to 
the partial acceptance of H1, as the age is 
understood to be the most influential trait among 
executive characteristics. AI adoption significantly 
reduces investment efficiency, indicating higher 
investment efficiency. This confirms its mediating 
role between executive characteristics and 
investment outcomes. H2 is accepted as AI adoption 
mediates the relation between executive 
characteristics and investment efficiency. H3 is 
accepted as firm-specific characters impact 
investment efficiency significantly. 

Therefore, through AI adoption, the investment 
efficiency of firms could be improved. Firm-level 
characteristics also significantly influence 
investment efficiency. Larger firms and firms with 
higher Tobin’s Q exhibit lower investment efficiency 
(higher efficiency), whereas firms with higher 
leverage and profitability display higher investment 
efficiency (lower efficiency), indicating possible 
overinvestment tendencies.  

The results of this research have certain 
theoretical and practical implications. The results of 
the research reinforce the upper echelons theory as 
managerial demographics shape firm operations. 
Moreover, the importance of RBV is also stabilised in 
the paper, as it indicates that CEOs are important 
aggravators of the internal capability of firms. These 
actions of the CEOs eventually shape the resource 
optimisation. Finally, the particular study also 
addresses prior literature gaps by using panel data 
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analysis with fixed effects and robustness checks. 
This ensures greater internal validity by accounting 
for firm-specific heterogeneity over time. 

The research also indicates a number of 
limitations, as the educational factors and 
international exposure of CEOs might be 
underreported across the sample database. This 
leads to insignificant results on the impact of 
investment efficiency. Moreover, the AI adoption 

used in the research is measured using a logarithmic 
value. This could be further improved in future 
studies by accounting for actual expenditures on AI 
by firms. This would help provide more robust 
results. Future studies could explore causal relations 
between these variables using IV models as well. 
Moreover, the usage of other mediators like 
environmental, social, and governance could also be 
incorporated in future studies.  
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