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Abstract 

This paper explores the evolution and characteristics of intangible capital among firms 

in four ASEAN+3 economies with deeper financial markets, benchmarked against the 

United States. Our findings reveal significant variations in the accumulation paths of 

intangible capital across these economies, underscoring the pivotal role of knowledge 

capital in accelerating intangible capital accumulation in the last decade. Employing 

an interrupted time series design, we present empirical evidence that the advent of 

widely accessible deep learning in 2016 and generative artificial intelligence in 2021 

represent critical milestones that have influenced intangible capital investment in 

several of the economies under study. 
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1. Introduction 

Intangible capital, encompassing knowledge capital, such as research and 

development (R&D) investments, software development; and organizational capital, 

including human resources, management practices, has increasingly been recognized 

as a pivotal asset for economic growth and firm competitiveness. Despite its universal 

significance, standard accounting treatment makes it difficult for firms to recognize 

intangibles as assets.  

This discrepancy is evident in the high price-to-book ratios of the five firms with the 

largest market capitalizations globally, ranging from 67.8 times (Apple) to 7.47 times 

(Google) as of 2024, suggesting that physical capital can only account of a small 

proportion of these giant firms’ values. While there is a growing academic literature 

on firm-level intangible capital, it predominantly focuses on the United States (Eisfeldt 

and Papanikolaou, 2013; Peters and Taylor, 2017) and Europe (Bontempi and 

Mairesse, 2015; Marrocu, et al., 2012). This leave a notable void in understanding the 

dynamics in other regions. 

This study seeks to fill the gap by examining the characteristics and evolution of 

intangible capital of both public and private firms in Hong Kong, Singapore, South 

Korea, and Japan. The selection of these four economies, which have more developed 

equity markets in the region, was guided by cross-economy evidence suggesting that 

the development of an economy's equity market is positively correlated with the size 

of its high-tech sector and the intensity of innovation (Hsu et al., 2014; Brown et al., 

2017).1  As these economies transitioned from manufacturing- and service-based to 

knowledge-intensive structures, the role of intangible capital becomes increasingly 

critical in driving innovation and economic development (Bloom et al., 2012; 

Bresnahan, et al., 2002; Brynjolfsson et al., 2002). This shift underscores the need for 

                                                           
1 In 2022, the market capitalization of listed domestic companies as a percentage of GDP ranked Hong 
Kong 1st, Japan 11th, Singapore 12th, and South Korea 17th globally, according to the World Bank 
(https://data.worldbank.org/indicator/CM.MKT.LCAP.GD.ZS?most_recent_value_desc=true) 
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a comprehensive analysis of the role of intangible capital in these markets and 

understanding its boarder economic implications. 

Using a comprehensive dataset of firm-level financial statements from Standard and 

Poor’s (S&P) Capital IQ Pro (CIQ) database, this paper examines the accumulation of 

intangible capital in the four selected ASEAN+3 economies and the United States (US). 

Our analysis spans the period from 2012 to 2023, with a focus on the impact of 

technological advancements, particularly the widespread adoption of deep learning in 

2016 and the emergence of Generative Artificial Intelligence (GenAI) in 2021.   

Marked as one of the most important milestones in AI development since 2010, deep 

learning is a subset of machine learning that employs algorithms inspired by the 

brain's structure and function. This technology enables computers to learn from vast 

amounts of data, enhancing their pattern recognition and decision-making capabilities 

without human intervention. GenAI, which utilizes deep learning techniques, 

generates new and realistic content, such as text, images, or music, based on its 

training data. As the realization of AI's potential heavily relies on knowledge and 

organizational capital rather than physical assets, we hypothesize that the advent of 

deep learning and GenAI may stimulate the accumulation of intangible capital. 

We apply a perpetual inventory method, which is standard in the literature, to 

consistently estimate the stocks of knowledge capital and organizational capital, 

which are then combined to form total intangible capital at the firm-level (Eisfeldt and 

Papanikolaou, 2013; Peters and Taylor, 2017; Van Criekingen et al. 2022). Our 

estimates show significant variations in the accumulation paths of intangible capital 

across economies, with the US, Hong Kong, and Singapore exhibiting an acceleration 

of intangible capital formation since the GenAI breakthrough in 2021, primarily driven 

by the knowledge capital. In contrast, Japan and South Korea display a decline and 

stability in intangible capital accumulation, respectively, since the early 2010s.  

We then utilize an interrupted time series (ITS) design to estimate the impact of deep 

learning developments since 2016 and GenAI advancements sicne 2021, on the 

accumulation of intangible capital in the five economies. This method is particularly 

suited to our analysis as it allows for the assessment of changes in investment trends 
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following specific milestones, without the need for an observable control group, which 

is unfeasible in this context due to the universal exposure of firms to technology 

(Bernal et al., 2017, 2021). 

Our results suggest that the introduction of GenAI is associated with an acceleration 

of intangible capital accumulation in the four ASEAN+3 economies and the US. In 

contrast, the estimated effects of deep learning were smaller in the near term across 

economies, highlighting the importance of economy-specific factors in shaping firms' 

investment decisions in response to AI innovations. In the longer-term, the change in 

the growth path of intangible capital were similar in response to both the widespread 

availability of GenAI and deep learning. Overall, our findings indicate that the GenAI 

wave has had a more pronounced impact on intangible capital accumulation in the 

four ASEAN+3 economies than the preceding AI-related innovation in the mid-2010s.  

Several studies have examined the formation of intangible capital in major ASEAN+3 

economies, including works by Chun and Nadiri (2016), Fukao et al. (2009), and Hao 

and Wu (2021). These studies primarily assess the contribution of intangibles to 

productivity growth at the aggregate level and estimate intangible capital stocks using 

survey data. Our research extends this body of literature by providing consistent 

estimates of intangible capital at the firm level across the four ASEAN+3 AEs. By 

exploring the evolution and determinants of intangible capital investment in these 

economies, our study offers valuable insights for policymakers in the ASEAN+3 region, 

enabling them to better tailor their economic strategies to leverage intangible capital 

for sustainable growth.  

The rest of the paper is organized as follows. Section 2 describes our data sources and 

the methodology used for estimating intangible capital as well as its trends in the four 

ASEAN+3 economies and the US over time. Section 3 presents the econometric 

analysis of the impact of AI advancement on intangible capital accumulation in these 

economies. Section 4 concludes with a discussion on the policy implications of our 

findings. 

2. Data and Trends 
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Our primary data source is the Standard and Poor’s (S&P) Capital IQ Pro (CIQ) 

database, which is the expanded and updated iteration of the legacy Compustat 

database. We compile firm-level financial statements information for both public and 

private firms across the four ASEAN+3 AEs, namely, Hong Kong, Japan, Singapore, and 

South Korea, as well as the US. Our main analysis centers on the period from 2012 to 

2023, although data from 2000 onwards were used to estimate firms’ intangible 

capital. We exclude firms with missing or non-positive book value of assets or sales. 

Additionally, economy-level real GDP growth, reported by national authorities and 

extracted via CEIC, were also included later in the econometric analysis to account for 

background macroeconomic conditions that may also affect the accumulation of 

intangible capital. Table 1 describes the full list of variables included in the paper. 

Table 1: Variables included 

Variable Source Explanation 

Research and development expenditure 

(R&D) 

S&P CIQ Input for knowledge 

capital 

Selling, general and administrative 

expenses (SG&A) 

S&P CIQ Input for 

organisational capital 

Net property, plant and equipment (Net 

PP&E) 

S&P CIQ Proxy for physical 

capital 

Knowledge capital Computed Computed from R&D 

Organisational capital Computed Computed from SG&A 

Intangible capital Computed Sum of knowledge and 

organisational capital 

Real gross domestic product (GDP) growth CEIC Proxy for overall 

macroeconomic 

conditions 

Market capitalisation S&P CIQ Market valuation 

 

The accounting treatment of intangible capital is governed by International 

Accounting Standard (IAS) 38, which stipulates that a company may only recognise 

intangibles an asset if it is identifiable, controlled, measurable, and if it is probable 

that the company will accrue future economic benefits from the asset. The 
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International Financial Reporting Standards (IFRS) permit the capitalisation of 

development costs, but only under stringent conditions. In contrast, under Generally 

Accepted Accounting Principles (GAAP), internally generated intangibles are typically 

not capitalised. These accounting regulations render the valuation of intangibles from 

financial reports challenging, necessitating assumptions in measuring intangibles. 

Our measurements of capital are standard in the literature (Eisfeldt and Papanikolaou, 

2013; Peters and Taylor, 2017; Van Criekingen et al. 2022). We measure the 

replacement cost of physical capital, 𝐶𝑝ℎ𝑦, as the book value of property, plant, and 

equipment. We define the replacement cost of intangible capital, denoted 𝐶𝑖𝑛𝑡, to be 

the firm’s internally created intangible capital. To construct a proxy of the 

replacement cost, we accumulate past intangible investments, as reported on firms’ 

income statements.  

A firm develops knowledge capital by spending on R&D. We estimate a firm’s 

knowledge capital by accumulating past R&D spending using the perpetual inventory 

method:  

𝐾𝑖𝑡 = (1 − 𝛿𝑅&𝐷)𝐾𝑖,𝑡−1 + 𝑅&𝐷𝑖𝑡                                                         (1) 

where 𝐾𝑖𝑡  is the end-of-period stock of knowledge capital, 𝛿𝑅&𝐷  is its depreciation 

rate, and 𝑅&𝐷𝑖𝑡 is expenditures on R&D during the year. We assume 𝛿𝑅&𝐷 = 0.32. 

We assume that a fraction of a firm’s SG&A expenditure represents an investment in 

organization capital through advertising and marketing, employee training, and 

information technology. We similarly use the perpetual inventory method to measure 

the stock of organization capital by accumulating a fraction of past SG&A spending: 

𝑂𝑖𝑡 = (1 − 𝛿𝑆𝐺&𝐴)𝑂𝑖,𝑡−1 + 𝑆𝐺&𝐴𝑖𝑡 × µ𝑆𝐺&𝐴                                     (2) 

where 𝑂𝑖𝑡 is the end-of-period stock of organization capital, 𝛿𝑆𝐺&𝐴 is its depreciation 

rate, 𝑆𝐺&𝐴𝑖𝑡 is the selling, general, and administrative expenses during the year and 

µ𝑆𝐺&𝐴 is the fraction of SG&A that is counted as organization capital expenditure. We 

assume 𝛿𝑆𝐺&𝐴 = 0.2 and µ𝑆𝐺&𝐴 = 0.28. 

A firm’s intangible capital is then calculated as the sum of its knowledge and 

organization capital, 𝐶𝑖𝑡
𝑖𝑛𝑡 = 𝐾𝑖𝑡 + 𝑂𝑖𝑡. The starting stock of either form of capital is 0 
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at start of our dataset in 2000 or the first instance of the firm appearing in our dataset 

during the period covered. Due to the way the dynamics of knowledge and 

organisational capital are defined in equations 1 and 2, even if there are 

disagreements on the initial quantitative values (at t=0), the subsequent paths from 

2012 should not vary significantly.2  

Figure 1 illustrates the trends in annual average R&D and SG&A expenditures, 

alongside the annual average stocks of knowledge, organizational, and intangible 

capital across five studied economies. We observe variations in the accumulation 

paths of intangible capital over time in the ASEAN+3 AEs and the US, as depicted by 

solid black lines. In the US (Panel A), the accumulation of intangible capital first 

accelerated around 2016, coinciding with the widespread adoption of deep learning 

technologies. This acceleration became more pronounced around 2021-22, aligning 

with the mainstream adoption of GenAI. 

In Figure 1, the pattern of intangible capital accumulation observed in the US during 

the GenAI period is similarly noted in Hong Kong and Singapore (Panels B and C). 

However, this pattern is not evident in Japan and Korea (Panels D and E), where the 

average intangible capital has been either declining or remaining flat since the early 

2010s. Unlike in the US, the impact of deep learning breakthroughs in 2016 is less 

apparent in Hong Kong and Singapore, suggesting that the increase in intangible 

capital formation driven by deep learning may be specific to the United States. 

By segregating intangible capital into knowledge capital (blue solid lines) and 

organizational capital (red solid lines), Figure 1 further demonstrates that the 

acceleration of intangible capital formation in the US, Hong Kong, and Singapore since 

the GenAI breakthrough in 2021 is primarily driven by the accumulation of knowledge 

capital, rather than organizational capital. Notably, the stocks of knowledge capital in 

the US and Singapore have surpassed those of organizational capital from 2021 

onward. The stock of knowledge capital in Hong Kong also increased by 351% 

(compared to 120% in the US and 104% in Singapore) from 2012 to 2023, which may 

                                                           
2 One US dollar worth of knowledge and organization capital in 2000 would be depreciated to US 5.07 
cents and 6.87 cents, respectively, by 2012. At a minimum, we can interpret our estimates in terms of 
trend. 
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reflect the reconfiguration in the global and regional trade value chain, as well as 

economy-specific policies to promote innovation and technology. Conversely, the 

relative proportions of knowledge capital and organizational capital in Japan and 

South Korea have remained stable since the early 2010s. These cross-economy 

variations may be attributed to economy-specific factors that influence firms' 

investments in intangible capital and warrant further research. 

Figure A1 in the Appendix depicts the accumulation path of physical capital over time 

in the five economies. It is observed that intangible and physical capital are positively 

correlated over time. This correlation aligns with existing literature and suggests that 

firms choose optimal intangible and physical investment rates at the margin (Peters 

and Taylor, 2017). The higher volatility observed in physical capital stocks over time 

can be attributed to the fact that while the estimation of intangible capital is cost-

based, firms are required by IAS 16 to mark the value of physical capital to fair market 

value.  
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Figure 1: Average R&D, SG&A, knowledge capital, organisational capital, and 

intangible capital 

 

A. United States 

 

 

B. Hong Kong 

 

 

C. Singapore  

 

 

D. Japan 

 

E. South Korea 

 
 

In each panel, the blue, red, and black solid lines represent the annual average stocks of knowledge, 
organizational, and intangible capital, respectively, of public and private firms in an economy. All 
variables are measured in thousands US Dollars (USD ‘000s). 
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Tables A1 to A5 provide the summary statistics of the firm-level variables in Table 1. 

Guided by our observation that the advancements of deep learning in 2016 and GenAI 

in 2021 might have stimulated intangible capital formation in some economies, we 

divided our full sample from 2012 into two overlapping periods. The first spans 2012 

to 2019, and is segmented by 2016, the year when deep learning became widespread 

globally, indicated by a jump in number of academic papers on deep learning (Saputra 

et al., 2024; Yapıcı et al., 2019) and in the number of searches on Google for “deep 

learning AI” (Figure A2 in the Appendix). The second period spans 2012 to 2019, and 

is segmented by 2021, the year when Dall-E was first launched to the public. The first 

and second panels in each table present the summary statistics in the two periods, 

respectively.  

The time coverage and segmentation of these two panels correspond to our 

subsequent ITS analysis. As the dataset covers both public and private firms, there is 

a considerable degree of heterogeneity in terms of both physical and intangible capital 

accumulation, despite the removal of firms with insufficient data coverage. This 

variation is also evident in the variation in market capitalization, which later informs 

our decision to include firm fixed effects in our econometric analysis to account for 

the non-trivial between-firm heterogeneity. 

 

3. Econometric Analysis 

If major AI innovations are introduced concurrently to the global economy, how 

should one estimate the impact of AI on intangible capital accumulation? 

Conceptually, any resultant change in a firm’s accumulation path comprises two 

components: (i) a direct effect from the adoption or intent to adopt the technology, 

and (ii) an indirect effect or spillovers from other parties that have adopted the 

technology. Consequently, comparing firms with varying degrees of exposure to the 

technology will likely underestimate the effect of AI, as this approach discounts the 

indirect effect entirely or partially. In the context of a global technological shock, it is 

not possible to identify true control groups, which precludes the use of a difference-

in-difference research design. 
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The interrupted time series (ITS) methodology offers a solution to this challenge. As 

described by Bernal et al. (2017, 2021), the ITS methodology is increasingly being 

adopted in the adjacent field of epidemiology, which often lacks true control groups, 

a circumstance also applicable to our situation. This approach involves estimating a 

segmented linear regression model that captures two key components: (i) a trend shift 

and (ii) a slope shift associated with the global event or shock. In essence, the ITS 

methodology assesses the difference between the actual post-event trend and a 

counterfactual post-event trend derived from the pre-event trend.3  

Our implementation of the ITS follows Bernal et al. (2017, 2021), extended to a panel 

data setting with a fixed effects regression model in equation (3). We regress 

intangible capital 𝑦𝑖𝑡 on economy fixed effects 𝛼𝑖, a trend term 𝑡, a dummy indicating 

when the event of interest has taken place 1{𝑝𝑜𝑠𝑡𝑡}, an interaction term between the 

post-event dummy and the time elapsed since the event, as well as both firm- and 

economy-level controls in 𝑿𝒊𝒕. 𝜀𝑖𝑡 is the error term. 𝑦𝑖𝑡 is  expressed as the percentage 

difference in intangible capital relative to its level during the event year 𝑡𝑒𝑣𝑒𝑛𝑡. For 

example, 𝑦𝑖,2023=26 means that intangible capital for firm 𝑖 in year 2023 were 26% 

higher than in 2021. This allows us to better compare changes in intangible capital in 

response to both shocks between firms that may differ in scale. Essentially, the ITS 

model segments the trends in the pre- and post-event periods, and compares them in 

𝛽3, which yields the slope difference in the post-event period relative to the pre-event 

period. 𝛽2, on the other hand, represents the level shift that is associated with the 

onset of the event at 𝑡𝑒𝑣𝑒𝑛𝑡.  

𝑦𝑖𝑡 = 𝛼𝑖 + 𝛽1𝑡 + 𝛽2 ⋅ 1{𝑝𝑜𝑠𝑡𝑡} + 𝛽3(𝑡 − 𝑡𝑒𝑣𝑒𝑛𝑡) ⋅ 1{𝑝𝑜𝑠𝑡𝑡} + 𝑿𝒊𝒕𝜷𝟒 + 𝜀𝑖𝑡 (3) 

To estimate the effects of deep learning and GenAI, we restrict our dataset to the 

periods 2012-2019 and 2016-2023, respectively. 𝑡𝑒𝑣𝑒𝑛𝑡 is assumed to be 2016 for deep 

learning and 2021 for Gen AI, the specifics of which are discussed in Section 1. In the 

deep learning case, the starting year of 2012 is chosen to avoid confounding effects 

from the immediate aftermath of the global financial crisis, while the ending year of 

                                                           
3 Botosaru et al. (2024) discussed the evaluation of treatment effects in the absence of control groups. Schaffer 
et al. (2021) proposed a variant of the ITS methodology that utilizes forecasts from a time series model as 
counterfactuals. 
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2019 is chosen to avoid the COVID-19 pandemic and the subsequent global rollout of 

GenAI tools. The GenAI case overlaps with the COVID-19 pandemic but we attempt to 

address this consideration by including economy-level real GDP growth in 𝑿𝒊𝒕  to 

control for overall macroeconomic conditions. 

Tables 2 and 3 present the estimates of Equation 3 for the GenAI (2016-23; shock in 

2021) and deep learning (2012-19; shock in 2016) cases, respectively. It is essential to 

note upfront that there may be some degree of uncertainty in the ITS estimates for 

some economies due to the relatively short time window at an annual frequency. 

Table 2 reports an increase in the level, as well as the slope of intangible capital 

accumulation, as indicated by the coefficients on the event dummy and the 

interaction term (Post-time x Post-event), respectively that is associated with the 

introduction of GenAI globally in 2021. The 𝛽2 estimates for the US show a statistically 

significant 52.25% (95% confidence interval: 46.96% to 57.52%) jump in intangible 

capital, followed by a 23.83% (95% CI: 21.88% to 25.78%) increase in the slope of 

intangible accumulation relative to its 2021 levels, as indicated by the 𝛽3 estimates. 

The estimates for the four ASEAN+3 economies are also similar qualitatively, i.e., a 

slope shift that follows a larger level shift, with variation in the degree of statistical 

significance. The generalizability of our ITS estimates suggests that, in response to the 

recent global GenAI rollout, firms in the four selected ASEAN+3 economies and the US 

on average have accelerated their accumulation of intangible capital. As indicated in 

Figure 1, most of this acceleration is in the form of knowledge capital, although some 

acceleration in organizational capital is also observed. 

In contrast, the estimated effects of deep learning are smaller compared to those of 

GenAI. In table 3, across all five economies, the level shift in intangible capital in 

response to the widespread availability of deep learning in 2016, as indicated by the 

estimates for the event dummy 𝛽2 were smaller than in response to the GenAI rollout. 

However, the slope shifts in intangible capital accumulation, as indicated by the 

coefficient estimates on the interaction term 𝛽3, in response to both the deep learning 

and GenAI rollouts were similar. In the US, Hong Kong, Japan and Korea, the slope shift 

terms were statistically significant, while the trend shift terms were statistically 

significant only in Japan and Korea. Again, this reflects some degree of uncertainty in 
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some of the estimated parameters owing to the short time window in an annual 

setting. These estimates underscored that the GenAI wave was, at least from the 

perspective of its effects on intangible capital, orders of magnitude larger than the 

preceding AI-related innovation in the mid-2010s in the near-term, although the 

longer-term effects on intangible capital growth were potentially comparable. 

Table 2: ITS estimates for 2016 to 2023 (event: 2021) 

 Intercept GDP Post-event 
Post-time x 

Post-event 
Time 

Panel A: United States 

Parameter 227.93 -3.76 52.25 23.83 -43.41 

Lower bound 222.47 -4.30 46.96 21.88 -44.68 

Upper bound 233.39 -3.23 57.54 25.78 -42.13 

      

Panel B: Hong Kong 

Parameter 85.40 -0.41 15.43 8.22 -16.58 

Lower bound 60.55 -1.89 -8.86 -1.44 -23.42 

Upper bound 110.24 1.08 39.72 17.87 -9.74 

      

Panel C: Singapore 

Parameter 116.70 -0.69 19.76 9.68 -21.82 

Lower bound 47.75 -6.48 -69.07 -10.08 -39.06 

Upper bound 185.65 5.10 108.59 29.45 -4.58 

      

Panel D: Japan 

Parameter 101.99 -2.22 24.53 10.26 -20.28 

Lower bound 89.96 -4.01 10.08 6.13 -23.89 

Upper bound 114.02 -0.44 38.99 14.39 -16.66 

      

Panel E: South Korea 

Parameter 127.63 -4.10 35.51 14.54 -24.12 

Lower bound 108.23 -6.65 18.90 9.05 -28.15 

Upper bound 147.03 -1.55 52.12 20.03 -20.09 

Note: The lower and upper bounds refer to the 95% confidence intervals. 
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Table 3: ITS estimates for 2012 to 2019 (event: 2016) 

 Intercept GDP Post-event 
Post-time x 

Post-event 
Time 

Panel A: United States 

Parameter 143.79 2.61 18.59 26.53 -33.85 

Lower bound 104.94 -17.62 -7.39 18.80 -39.78 

Upper bound 182.63 22.84 44.57 34.27 -27.92 

      

Panel B: Hong Kong 

Parameter 58.29 -1.26 3.89 12.70 -11.97 

Lower bound 34.25 -6.28 -9.83 4.65 -18.11 

Upper bound 82.34 3.76 17.62 20.74 -5.84 

      

Panel C: Singapore 

Parameter 52.22 -1.12 7.85 5.47 -11.07 

Lower bound -29.12 -12.37 -23.62 -7.54 -25.72 

Upper bound 133.57 10.13 39.31 18.48 3.58 

      

Panel D: Japan 

Parameter 69.43 -0.55 6.81 10.12 -15.30 

Lower bound 61.89 -2.18 2.81 7.58 -17.40 

Upper bound 76.98 1.09 10.82 12.65 -13.20 

      

Panel E: South Korea 

Parameter 102.66 -7.18 8.61 12.11 -17.67 

Lower bound 77.93 -14.32 2.62 9.18 -20.09 

Upper bound 127.38 -0.05 14.60 15.03 -15.25 

Note: The lower and upper bounds refer to the 95% confidence intervals. 

There are several limitations in our econometric analysis. First, there may be other 

macro-level confounders, as well as country-specific factors that may distort the path 

of intangible capital. To address this, our analysis controlled for real GDP growth, 

which directly accounts for the booms and busts experienced throughout our sample 

period, including the COVID-19 pandemic, as well as various geopolitical and trade 

events in the late-2010s.  
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Second, the time coverage of our analysis is relatively short. However, the limitations 

that may have instead arisen from a longer time series could have been greater in our 

setting, due to the presence of other major economic shocks, such as the Global 

Financial Crisis, as well as multiple AI-related shocks may have been greater. Other 

papers that deployed similar methodology also often utilised annual data with short 

time coverage specifically to avoid preceding or successive shocks that are irrelevant 

to the event of interest.  

Third, our analysis lacks a control group, which precludes an implementation of DiD 

due to the global nature of both the deep learning and GenAI shocks. The ITS approach 

is precisely suitable for such a circumstance. While synthetic controls are technically 

feasible, they may underestimate the effect of global shocks, such as the deep learning 

and GenAI shocks, by potentially precluding the indirect effects of AI adoption by other 

firms.  

 

4. Conclusion 

Intangible capital has been the subject of extensive and intensive study in the field of 

economics, shedding light on persistent macroeconomic trends such as the 

deceleration of total productivity growth, the diminishing share of labor income, weak 

physical capital investment, and the escalation of firm valuations (Crouzet et al., 

2022). Utilizing the US as a benchmark, this paper has provided two consistent points 

on the evolution and characteristics of intangible capital in four ASEAN+3 economies. 

First, the near-term effects of the advent of GenAI in 2021 on the level of intangible 

capital were larger than that of deep learning in 2016. Second, the longer-term effects 

on the growth of intangible capital were similar in both cases of AI innovation. Our 

findings suggest that these economies may follow distinct paths in the accumulation 

of intangible capital, which merits further investigation. 

Recent advancements in GenAI, marked by the introduction of technologies such as 

Dall-E and ChatGPT in 2021/2022, are widely recognized as a significant technological 

breakthrough. Early adoptions and macroeconomic projections suggest that GenAI 

could substantially enhance productivity, potentially contributing up to a 7% increase 



16 
 

in global GDP over the next decade (Brynjolfsson et al., 2023; Briggs and Kodnani, 

2023). Over a brief period, our analysis provides suggestive evidence that the advent 

of GenAI has catalyzed an acceleration in the accumulation of intangible capital in the 

US, Hong Kong, Japan, Singapore, and South Korea since 2021, primarily driven by the 

accumulation of knowledge capital. 

Over the past century, experiences with transformative technologies such as the 

steam engine, electricity, the internal combustion engine, and computers indicate that 

the diffusion of new technologies typically begins with a period of relatively slow 

productivity growth, followed by significant accelerations (Brynjolfsson et al., 2009). 

A similar trajectory is likely with the diffusion of GenAI. To capitalize on the potential 

benefits of AI transformation, policymakers in the ASEAN+3 economies are 

encouraged to assess their current standing in terms of intangible capital and to 

develop strategies that support investments in intangible capital, thereby facilitating 

the AI transformation within their respective economies. 
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Appendix 

Figure A1: Physical capital accumulation 

 

A. United States 

 

B. Hong Kong 

 

 

C. Singapore  

 

D. Japan 

 

E. South Korea 

 

In each panel, the vertical axis represents the annual average stock of physical capital of public and 

private firms in an economy, measured in US Dollars. 
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Figure A2: Google trends index for searches of “deep learning AI” worldwide 
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Table A1: Summary statistics for the United States 

A. 2012 to 2019 (breakpoint: 2016) 

 
 

B. 2016 to 2023 (breakpoint: 2021) 
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Table A2: Summary statistics for Hong Kong 

A. 2012 to 2019 (breakpoint: 2016)  

 
 

B. 2016 to 2023 (breakpoint: 2021) 
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Table A3: Summary statistics for Singapore 

A. 2012 to 2019 (breakpoint: 2016)  

 
 

B. 2016 to 2023 (breakpoint: 2021) 
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Table A4: Summary statistics for Japan 

A.  2012 to 2019 (breakpoint: 2016)  

 
 

B. 2016 to 2023 (breakpoint: 2021) 
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Table A5: Summary statistics for South Korea 

A. 2012 to 2019 (breakpoint: 2016)  

 
 

B. 2016 to 2023 (breakpoint: 2021) 
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