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Abstract

We investigate the technical and ethical standardization of artificial intelligence (AI) and its corpo-
rate implications around the globe. We show that Al standards not only fuel Al investments but also
broader capital and R&D spending. Standardization of machine learning methods, programming
languages, protocols for big data, guidelines for data interchange, and interoperability of industrial
data encourage investment. Conversely, frameworks for societal and privacy considerations in Al dis-
courage investment. Al standards have a positive ripple effect on firm value, gradually amplifying as
the standards mature and their impact on firms deepens.
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1 Introduction

Technological standardization, i.e., the process of establishing universal rules and guidelines for firms,
is the foundation upon which innovation is built (Tassey, 2017).! Once a standard is set, companies
operating within its domain are compelled to align their activities accordingly (Lerner and Tirole, 2015;
Baron and Schmidt, 2019).? This alignment contributes to substantial increases in productivity and GDP
growth rates, often approaching double-digit percentages.® While academic research has contributed to
our understanding of the economics tied to standard setting (Lerner and Tirole, 2006; Chiao et al., 2007;
Simcoe, 2012; Lerner and Tirole, 2014), the influence of standards on business outcomes, particularly
those related to critical technologies such as artificial intelligence (AI), have yet to be explored.

Unlike conventional standards that ensure device compatibility and performance, Al standards aim
to promote the secure, ethical, and interoperable development of Al systems (Raimondo and Locascio,
2023). Their scope spans a wide range of industries, reflecting AI's role as a general-purpose technol-
ogy (Agrawal et al., 2018; Cockburn et al., 2018). Standardizing Al, however, presents unique challenges,
because Al systems make autonomous decisions and can exhibit unethical behavior or spiral out of con-
trol.* Nonetheless, developing Al standards that facilitate safety and profitability is essential before Al
becomes widely adopted in business operations in unproductive ways or without adequate oversight.

This paper fills an important gap in the literature by investigating the implications of Al standards for
firms. It provides the first analysis of how Al standards influence corporate activities, including Al-related
research that pushes the knowledge frontier in the public domain, as well as Al-specific and broader firm

investments in the private domain. To achieve this, we utilize a unique, hand-collected dataset of Al

ISee https://bit.1y/4doYSPs for the International Organization for Standardization (ISO)’s definition of a standard.

2Although compliance is not compulsory, firms often comply with standards to gain market access, boost consumer con-
fidence, reduce costs, etc. Standards are also informative for regulators, as they often develop formal regulations based on
established standards. See https://www.iso.org/benefits-of-standards.html.

3The French Standardization Association (AFNOR) estimates that standardization boosts France's GDP growth by 25%. In
the UK, standards contributed 13% to labor productivity growth from 1948 to 2002, while in Canada, standardization added
17% to labor productivity and 9% to real GDP growth from 1981 to 2004. See, e.g., https://bit.1ly/3Cvj6a0.

4See https://bit.1y/4dkMLD6 and https://bit.1ly/43WIFfJ for more on Al risks. A 2023 survey by the Centre for the
Governance of Al found that 91% of respondents agreed on the need for prudent Al management (https://bit.1ly/3Coposl).
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standards, along with data on Al standardization committees that shed light on how expert consensus
on Al rules and guidelines is achieved. We also introduce novel metrics that measure the relatedness
between standards and Al as a scientific field, based on textual similarity with science textbooks and
conceptual alignment with core Al concepts.

The establishment of Al standards carries important implications for firms. On the positive side, Al
standards offer widely accepted frameworks for implementing Al, thereby reducing the economic uncer-
tainty faced by firms and encouraging higher corporate investment. They also tackle the compatibility
and interoperability of Al systems, ensuring that different Al systems can coordinate and exchange data
efficiently. This accelerates the diffusion of Al technologies and induces more investment. On the flip
side, Al standards that impose ethical and safety constraints can curb the effectiveness of Al, potentially
leading to reduced investment. This is because such standards make the concept of ethical Al more
tangible and enhance the enforceability of such constraints, thereby providing a framework for shaping
future mandated governance structures.

To provide empirical evidence on how standardization of Al impacts businesses, we gather data on
global Al standards. Our principal source is the report “US Leadership in Al: A Plan for Federal Engage-
ment in Developing Technical Standards and Related Tools,” prepared by NIST following Executive Order
13859.° This document provides a strategic blueprint that guides US participation in global Al stan-
dardization and, in the process, identifies critical Al standardization committees within international
organizations. After identifying these committees, we collect data on standards from each committee’s
respective website and enrich this data with additional textual analysis and interpretation.

To the best of our knowledge, our dataset is the first of its kind in the literature, offering exclusive in-

sights into the creation and content of global Al standards.® It provides a comprehensive view of the key

5This report is publicly accessible and can be downloaded from the following URL: https: //bit.1y/43yw0oz.
6The Searle Center at Northwestern University hosts a dataset on non-Al standards predating the sampling period of our
paper. It can be accessed here: https://bit.ly/3THmMPt.
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players in this domain, detailing which countries are pushing Al standardization efforts by leading com-
mittees within international organizations and which are contributing to the process by being members
of these committees. Taking it a step further, it also breaks down the contents of Al standards through
textual analysis, documenting a wide spectrum of Al categories to provide a deeper understanding of the
subject matter. These components include but are not limited to machine learning (including language
models), big data, data interchange, trustworthiness, and robotics, all of which likely have heterogeneous
effects on corporate outcomes.

Our data documents that the standardization of Al is not monopolistic but rather a globally col-
laborative endeavor. This said, countries across the world do exercise their influence by securing key
leadership roles within key committees, known as secretariats, or through active membership in these
committees. The secretariat oversees the committee’s technical and administrative processes. A coun-
try being the secretariat of a standard-setting committee is often regarded as having a strong influence
on the shaping of global standards developed under that committee (Blind and von Laer, 2022), poten-
tially through strategic agenda setting and information provision (Farrell and Simcoe, 2012), in favor
of domestic firms. An excellent summary of how countries use leadership positions in standardization
committees to favor local firms is provided by Neaher et al. (2021).”

To estimate the influence of Al standards on firms, we rely on the exogenous nature of United Nations
Security Council (UNSC) membership rotations. This is motivated by the strong UN-ISO collaboration
evidenced in the ISO report titled “ISO and the UN: Working Together for International Standardiza-
tion.”® Kuziemko and Werker (2006) show that countries rotating onto the UNSC see an increase in aid
from permanent UNSC member nations, hinting at potential quid pro quo arrangements. In our setting,

as the rotating UNSC members change, we observe significant changes in the number of Al standards

“Other well-known instances of government clout include assistance to local firms in standard essentiality (e.g., 5G). Qual-
comm’s “no license, no chip” policy generates over 75% of its pre-tax profits. See https://bit.1ly/4afsUDS.
8 Available for download from the ISO website: https://www.iso.org/files/live/sites/isoorg/files/store/en/

PUB100432. pdf.
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issued by committees under the secretariats of permanent UNSC members. This stems from the chang-
ing percentage of committee members more or less sympathetic to the permanent members’ agendas as
countries cycle through UNSC membership. These random shocks enable us to assess the local impact
of Al standards on firms within permanent UNSC member nations through a two-stage least squares
(2SLS) procedure.

Following the 2SLS strategy described above, we examine the influence of Al standards on corpo-
rate investment decisions. Our analysis begins with an examination of firms’ research publications pre-
sented at leading Al conferences, using novel data from the Emerging Technology Observatory (ETO).
This dataset encompasses public and private Al-innovator firms from around the globe and includes all
of their Al publications, along with those categorized into computer vision, natural language processing,
and robotics fields. Analyzing these research publications is crucial, as they not only serve as a proxy for
firms’ investments in Al technology but also advance the frontier of knowledge within the Al community.
Our findings indicate that a one standard deviation increase in Al standards results in an increase of 0.21
standard deviations in firm-level overall Al research activity, 0.27 in computer vision research, 0.22 in
natural language processing research, and 0.32 in robotics research.’

We extend the above analyses by employing a comprehensive country-year panel that includes data
on Al-specific investments across 36 categories and Al-specific patent activity in 22 distinct fields. Our
findings reveal that Al standards significantly promote increased investments and patent activity in nu-
merous Al-related domains. Specifically, Al standards drive growth in areas such as robotics, manufac-
turing, cybersecurity, privacy, data analytics, software, facial recognition technology, and education. Ad-
ditionally, we observe a surge in Al patent applications in domains such as banking, security, industrial

manufacturing, machine learning, transportation, telecommunications, and computer vision following

9This finding is aligned with the existing research on how standards can facilitate innovation. Standards can boost innova-
tion by codifying knowledge and providing a foundation for new technologies to emerge (Allen and Sriram, 2000). Research
institutions use standards as input for innovation (Blind and Gauch, 2009). Also, seeking standards certification is associated
with successful product innovation (Mirtsch et al., 2020).



the adoption of Al standards. Collectively, our results underscore the profound impact of Al standards
on corporate investments in Al technology, benefiting both firms and the broader Al community.

Al standards can have substantial implications beyond Al innovators by boosting the productivity of
machines and equipment, thereby increasing returns on investment in physical capital. For this reason,
we also explore the influence of Al standards on the capital expenditures of firms. Our analysis reveals
that a one standard deviation increase in Al standards results in a 0.11 standard deviation rise in capital
expenditures and a 0.24 standard deviation increase in R&D expenditures, consistent with our earlier
findings on Al investments. These findings hold true even when we randomly exclude up to 250 Al stan-
dards from our sample, underscoring that our results are not driven by a few selective standards and
highlighting the broader relevance of Al standards for capital investment.

The above findings are robust to a rigorous placebo test where we use the percentage of rotating
UNSC members as an instrument for the number of Al standards published by non-UNSC affiliated
secretariats. In this test, we confirm that our placebo instrument, which captures variation in the number
of Al standards unrelated to quid pro quo influence through the UNSC, is not helpful in identifying a
meaningful effect on our main variables of interest.

Our definition of Al standards is based on NIST’s assessment of the relevance of committees to Al
Specifically, we define Al standards as those published by committees that NIST has identified as crucial
to Al standardization. Although NIST has considerable expertise in identifying committees that special-
ize in standards, we independently verify the Al relevance of the standards published by these commit-
tees, as well. To do so, we create two novel proxies for the relatedness of Al standards to Al as a field of
science.

Our first Al relatedness measurement is based on the textual similarity of Al standards with the con-
tents of popular science textbooks. This provides us with novel metrics for assessing both the time series

and cross-sectional variation in Al relatedness. We demonstrate that during our main sampling period



(from 2017 to the end of 2022), the textual similarity between academic resources on Al and Al standards
reached a maximum of 90%, indicating that the standards published by committees identified by NIST
as Al-critical were indeed related to Al. Additionally, we observe that highly rated Al standards, in terms
of Al relatedness, clearly cite artificial intelligence or closely related concepts such as machine learning
or neural networks in their titles.

Building on these findings, we next create an Al relatedness score for each standard in our sample,
determined by the proportion of terms in the standard that correspond to the vocabulary found in a
popular Al textbook. We validate the robustness of this measurement through a stress test, where we
compare the textual similarity of Al standards with other science textbooks containing false triggers (i.e.,
vocabulary similar to Al terminology but used in contexts not directly related to Al). We then present
important evidence of effect heterogeneity showing that the estimated effects of Al standards increase
as we examine standards in the top 50%, 25%, and 10% of the Al relatedness spectrum.

Our second Al relatedness measure is based on contextual similarity with core Al concepts. It cate-
gorizes Al standards into groups such as machine learning, data, safety, privacy, and automation, among
others. Using this metric, we show that data standards, automation standards, interchange standards,
and machinery & equipment standards have significantly positive effects on investment. In contrast,
ethics & accountability standards exhibit a significant negative impact. Moreover, data standards have
the strongest positive effect on language processing research, while automation, machinery & equip-
ment, and interchange standards have the strongest effect on computer vision research.

Our findings remain robust when we change our identification strategy to use UNSC membership
rates in Al committees instead of focusing on UNSC membership rates under countries’ secretariats
in total. The proportion of UNSC members within committees is based on their composition prior to
UNSC rotation announcements, making it unlikely that future rotation expectations could confound

membership in all Al committees and corporate outcomes. Importantly, committee-level rotations vary



in terms of importance, allowing us to examine cases where support from UNSC rotations might have
a small or large influence over the publication of Al standards based on the percentage of necessary
votes to publish a standard. Furthermore, our committee-level instrument also helps confirm that our
conclusions hold even after excluding some Al committees, such as the most active ones.

Our committee analysis reveals that committees focused on data, automation, interoperability, and
programming languages significantly enhance investment, while those addressing biometrics and Al
guidance have adverse effects. These findings highlight the pivotal role of issuing committees in shap-
ing corporate investment decisions, demonstrating that a blanket assessment of Al standards as either
beneficial or detrimental is overly simplistic. The impact of Al standards depends on both their content
and the issuing committee, as evidenced by the differing effects of standards issued by data interchange
committees compared to interchange standards issued by all committees.

Our paper also looks into how Al standards influence firm value. Our estimates indicate that a surge
of one standard deviation in Al standards can improve firm value by up to 0.14, 0.31 and 0.46 standard
deviations in the first, second and third years respectively. This finding signifies that the ripple effects of
Al standards extend beyond the initial near-term impacts, showcasing a significant compound effect.

To rationalize our empirical findings, we introduce a stylized model to study how a firm’s investment
is affected by the expected future publications of Al standards. A firm lives for an infinite horizon. In each
period and within each domain of Al investment, it decides on the investment in two types of competing
Al technologies. The investment is partially irreversible, in the sense that disinvestment is costly. The
firm expects a future random (Poisson) arrival of the publication of Al standards, which could be either
(i) technological standards that endorse one type of Al technology over another within an Al invest-
ment domain, or (ii) privacy/ethical standards that impose privacy-related or ethical constraints on the
adoption of Al technologies. The firm also decides on capital expenditure investment in physical assets.

Motivated by the insight that Al is a general purpose technology that can lead to the fourth industrial rev-



olution, i.e., Industry 4.0 (Peres et al., 2020), we argue that more Al-related investment incentivizes the
firm to increase capital expenditure in physical assets by increasing the marginal productivity of such
assets. Based on our theoretical framework, we make the following empirical predictions: more tech-
nological standards published are associated with more Al-related investment and capital expenditure
post-publication, while more privacy/ethical standards published are associated with less Al-related in-
vestment and capital expenditure post-publication.

The remainder of the paper is organized as follows. Section 2 presents the literature review. Section
3 develops our testable hypotheses. Section 4 presents our data. Section 5 explains our empirical frame-
work. In Section 6, we present our empirical findings in support of the theoretical predictions above.
Section 7 concludes the article. To keep the main text concise, we provide additional material in the
Appendix. Appendix Section A presents our theoretical framework and mathematical proofs. Appendix
Section B includes further data descriptions. Key findings are detailed in Appendix Section C, such as ef-
fect heterogeneity based on our committee-level instrument, country-level Al investments and patents,
a robustness check where we randomly exclude 250 Al standards and rerun the 2SLS regressions, and
effect heterogeneity based on the level of uncertainty resolved with the publication of Al standards. Ap-
pendix Section D offers a detailed definition of Al, examples of Al standards, and their applications across

different industry settings.

2 Literature Review

Our paper’s main contribution is to the emerging literature in financial economics on Al. Some papers
highlight the beneficial aspects of using Al technologies. Babina et al. (2024) find that Al-related invest-
ment increases firm growth and innovation. Howell et al. (2024) show that lending automation reduces
racial disparities in credit access. Meanwhile, other research reveals the dark side of applying Al in fi-

nancial activities. Dou et al. (2024) show that Al-powered trading strategies can lead to collusion among



traders. Researchers also argue that the adoption of Al can replace human labor (Acemoglu and Re-
strepo, 2018; Acemoglu et al., 2022). Other related work in this area includes data economy and privacy
(Begenau et al., 2018; Cong et al., 2021b; Canayaz et al., 2022; Liu et al., 2023), Al and corporate disclo-
sure (Cao et al., 2024), robo-advising (D’Acunto et al., 2019), as well as decision biases, reliability, and
interoperability of Al algorithms (Wellman and Rajan, 2017; Agrawal et al., 2019a; Acemoglu, 2021) A0 we
contribute to the literature with a unique perspective: to examine how Al standards affect firm’s invest-
ment. In addition, we introduce a novel database on Al-specific research publications and investment,
which enables us to examine the impact of Al standards on both Al-specific and broader investment.

A few recent papers discuss Al-related policies and regulations. Cuéllar et al. (2022) examine the
impacts of potential Al regulations on managers’ perceptions of Al ethical issues and their intentions
to adopt Al technologies. Agrawal et al. (2019a) emphasize three aspects of Al economic policies: data
privacy, international coordination, and Al liability. Clark and Hadfield (2019) argue that the evolving
nature of Al technologies amplifies the importance to make regulations more agile and adaptive, which
gives self-regulation (e.g., global Al standards) an advantage over government regulations.!! While most
studies in this field focus on hypothetical Al regulations, we contribute to this literature by examining
actual Al standard publications, providing a unique contribution through the analysis of existing self-
regulatory practices.

Our paper is also related to the literature on how standardization affects R&D investment by shaping
the infrastructure of innovation. On the one hand, researchers argue that standards facilitate innova-
tion and technology diffusion by codifying knowledge (Allen and Sriram, 2000; Blind and Gauch, 2009),
increasing compatibility (Pelkmans, 2001; Lerner and Tirole, 2014; Baron and Schmidt, 2019), and ensur-

ing minimum quality (Mirtsch et al., 2020). On the other hand, standardization hinders R&D investment

10gee Agrawal et al. (2019b) on the economics of Al and Goldstein et al. (2021); Farboodi and Veldkamp (2022); Cong et al.
(2021a) on big or unstructured data.

HRlind et al. (2017) show that standards boost innovation efficiency more than government regulations in uncertain markets,
and Campello et al. (2024) examine how regulators learn about emerging technologies amid regulatory uncertainty.



by reducing an industry’s degree of radical innovation (Foucart and Li, 2021) or increasing market con-
centration (Windrum, 2004). However, none of these studies examines Al standards; also, the majority of
these papers are either theoretical or use survey data. Our work contributes to the literature by (1) being
among the first to study standards about Al, and (2) examining the impact of Al standards using actual
investment data.

Our work is also related to the literature on the economics of standard-setting organizations (SSOs).
Lerner and Tirole (2006) and Chiao et al. (2007) study theoretical models with sponsors of technologi-
cal standards (e.g., owners of technologies) strategically resorting to more or less independent SSOs to
endorse their technologies.!? Simcoe (2012) shows both theoretically and empirically that when SSO
participants favor specific technologies, the conflicts of interests among SSO participants will lead to
inefficient delay of the publication of standards.'®> We enrich the literature by being among the first to
characterize the international collective effort within SSOs in the context of Al standard setting.

Finally, our observation that firms tend to postpone investments until uncertainty is resolved by the
publication of standards echoes the literature on real options theory and investment under uncertainty

(Dixit and Pindyck, 1994; Grenadier, 2002; Grenadier and Wang, 2007).

3 Theory

To illustrate how Al standards affect firm investment, we introduce a stylized model featuring investment
under uncertainty. This section summarizes the structure of our model and its testable implications, and
Appendix Section A contains additional details and proofs. In our model, a firm lives for an infinite hori-
zon. In each period ¢, the firm faces decisions on the Al investment in multiple Al domains. Examples

of Al domains include natural language processing, computer vision and robotics. Within each domain,

12They make the following theoretical predictions and verify with empirical evidence: (i) there is a negative relationship
between the extent to which an SSO favors technology sponsors and the concession level required of sponsors and (ii) there is
a positive correlation between the sponsor friendliness of the selected SSO and the quality of the standard.

13Baron and Gupta (2018) describe a database on 3GPP standardization, the key SSO in mobile telecommunications. Baron
and Spulber (2018) provide data on technology standards and SSO membership, without focusing on Al.
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the firm can invest in two types of competing Al technologies, type A and type B. Let | Z’I’j‘t and IZ'II?I be
the two types of Al-related investment in domain 7 in period ¢. In addition to Al investment, the firm
also chooses Ik ;, which is the physical investment in period ¢ (i.e., CapEx).

Both the investment in Al technologies and CapEx are partially irreversible, i.e., disinvestment is

costly due to fire sales. Let the terms C1I,,(I Z}At), CI,I Z}Bt)’ and CI,(Ik ;) be the investment costs of I Z}At’

In,B

a1 p and Ik respectively. Given investment [ in Al-domain n and type i = A, B, the cost of investment

is CI,(I) = I if I = 0 (positive investment), and CI,(I) = C"I if I < 0 (disinvestment), with C" € (0,1).
That is, only a fraction C" of disinvestment amount can be salvaged. Similarly, the investment cost for
physical investment K is that CIg(I) = 1if =0, and CIg(I) = CKrif I <0, with CK € (0,1).

The firm uses both physical capital (i.e., PP&E) and Al capital as inputs for production. Impor-
tantly, Al-related capital and PP&E enter the production function with a multiplicative structure. In
other words, Al-related capital complements physical capital. This complementarity arises because Al
is widely recognized as a general-purpose technology that could drive the fourth industrial revolution,
known as Industry 4.0 (Peres et al., 2020). That is, it has the potential to enhance the productivity of
machines and equipment, thereby boosting the return on investment in PP&E.

Formally, the firm'’s output in period ¢ is AI*K}~*D(1 - #,), where Al, is the Al-related capital stock,
K; is the physical capital stock, D is the exogenous data input, T; € [0,1) embodies the limitations on
data privacy and ethical Al requirements, and « € (0, 1) represents the relative contribution of Al capital
in production. The Al-related capital stock Al, is defined as Al, = ¥ N_, (5P AF(AIM) + s P FATMD)),
which is the Al-related capital aggregated across type-A and type-B investment within each domain
n, and across all domains. The terms Altn’A and Al f’B are the two types of Al-related capital stock in
domain n, while S';l’A and §?’B stand for the productivity of the two types respectively. The function
F(-) is increasing and concave. Assuming away depreciation, both the Al-related capital stock (Al f'A,

Al f’B ) and the physical capital stock (K;) increase by the amount of corresponding investment. That is,

11



AL = ATV + Ig}ft fori=A,B,ne{l,2,..,N},and K; = K;_1 + I ;.

Note that our setting incorporates both “Al innovators” (e.g., firms with Al research publications),
who invest in Al to innovate on these technologies, and “Al consumers” (e.g., manufacturing and health-
care facilities), who invest in Al to adopt the technologies and facilitate their production and service.
Lastly, the flow payoff in period ¢ is discounted using a discount factor € (0, 1). The initial capital stock

is AIl" =Ko =0, fori = A,B, ne{1,2,..,N}.

To summarize, the firm’s investment problem in each period j = 1 is

0 N
 max  EY BHAISK! DA -7 - Y (CLUL )+ CL, () - Clx Uk, 0}
{I:},t'lz},r’IK'f}(z)zj t=j n=1 ’ ’

N
s.t. (Al factor) Al = Y. (SPAF(AIM) + 5B F(ALMP))

n=1

(capital dynamics) A" = AT + 1}, fori= A B,n€{1,2,..,N}.

ALY
(1
K =Ke1 + I 1
1 ifI=0 1 ifI=0
(costly disinvestment) CI,(I) = Clg() =
C"I ifI<0 cKkr1 ifI<o

The firm operates under the anticipation of a stochastic event — the publication of Al standards,
which alter the productivity of various Al technologies. However, how productivity varies after the stan-
dards are published depends crucially on the nature of the standards.

Suppose the standards published are technological standards, which typically specify the “best prac-
tices” for technologies. Such standards narrow down the variety of technologies by endorsing one tech-
nology over another (Lerner and Tirole, 2014). The endorsed technology within that domain then wit-
nesses a quicker and broader adoption than the unendorsed counterpart, benefiting from positive net-
work externalities—its value grows as more users adopt it, according to Tassey (2017). This leads to a

bifurcation of productivity between the two technologies: the chosen technology sees a surge in pro-

12



ductivity following the standards’ release, whereas the other suffers a decline in productivity. This divi-
sion is further deepened by two additional factors that boost the favored technology’s productivity: (i)
standards often codify the details of the endorsed technology and provide a clear blueprint for the im-
plementation, and (ii) standards enhance the interoperability of the endorsed technology by creating a
compatible ecosystem that surrounds and supports this technology.

To characterize the bifurcation of productivity within domain », we assume the productivity before
the publication of standards is constant over time, that is, §?’A = §f’B =s" >0, for t = T, where T denotes
the random publication period. There is a divergence in productivity between the two technologies
after the publication. With probability p’4 € (0, 1), type-A is endorsed by the standard, so (E?'A, §?’B )=
(5", 5™ with 0 < 5" < s" < §", for all ¢ > T; while with probability p™»® =1 - p™4, type-B is endorsed, so
(§f’A, E?’B )=(s",3"), forall ¢ > T.1* In addition, publication of more technological standards imply that
more domains in Al technology experiences the bifurcation.

The situation is very different if the published standards are privacy or ethical standards, which in-
clude the interpretability of Al algorithms and restrictions on data privacy. These restrictions shrink the
firm’s data pool and limit the scope of Al applications, as certain practices previously employed to max-
imize efficiency might no longer be permissible under new privacy and ethics rules. The publication of
such standards play a crucial role in reinforcing the enforceability of such constraints, making these con-
cepts more tangible and provide a framework for shaping future government policies.!® To capture the
constraining effects of privacy and ethical Al standards, we normalize the pre-publication level of 7, =0
forall ¢ = T and the post-publication level to be T € (0, 1). In addition, publication of more privacy/ethical

standards imposes stricter restrictions, leading to a larger 7.

In this setting, there are several forces affecting how investment responses to the publication of stan-

14Note that we do not restrict p™4 to be 1/2; that is, we allow the firm to expect one technology to be more likely to be
endorsed than the other.

15gee Clark and Hadfield (2019): “There are numerous examples of cases in which public regulation has piggybacked on
systems initially developed privately”.
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dards. First, the firm cannot predict which technology will be endorsed by technological standards or
how restrictive privacy/ethical standards will be. Therefore, the option value of delaying its partially ir-
reversible investment drives the firm to wait until the publication of standards resolves this uncertainty.
This consideration tends to increase post-publication investment above pre-publication levels.

Second, beyond the uncertainty resolution effect, the publication of standards can lead to produc-
tivity shocks relative to pre-publication levels, affecting the optimal capital stock. This impact varies de-
pending on whether the standards are privacy/ethical or technological, and for technological standards,
whether the investment is in endorsed or unendorsed technology.

Whether the publication of standards boost or deter investment depends on the overall effect of the
two forces. Privacy/ethical standards typically reduce productivity below pre-publication levels, leading
to disinvestment to lower the capital stock. This counters the investment-boosting effect of uncertainty
resolution. When even the most benign restrictions imposed by such standards are sufficiently strict,
this investment-deterrence effect dominates the investment-boosting effect of uncertainty resolution,
leading to strictly negative investments post-publication. Furthermore, the publication of more such
standards lead to stronger restrictions, resulting in even larger post-publication disinvestment.

Technological standards, on the other hand, increase productivity for the endorsed Al technology.
This results in positive post-publication investment, aligning with the uncertainty resolution effect. Con-
versely, productivity decreases for the unendorsed technology, which tends to induce disinvestment and
opposes the uncertainty resolution effect. However, the overall effect on investment remains positive due
to the partial irreversibility of investment, that is, there is no adjustment cost for positive investment but
a cost for disinvestment. Thus, investment increases post-publication of technological standards. Fur-
thermore, more technological standards publications resolve more uncertainties and generate positive
productivity shocks in more Al domains, potentially boosting post-publication investment even further.

Exhibit 1 illustrates the varies forces discussed above. Based on our theoretical analysis, we make the
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Exhibit 1. Intuition: Standards Publication and Investment

Technological Standards on Post-Publication Investment
+ : Resolution of Uncertainty

— + : Positive Productivity Shock to
Endorsed Al Tech

- : Negative Productivity Shock to —

Unendorsed Al Tech (Limited by
Disinvestment Cost)

Privacy/Ethical Standards on Post-Publication Investment

+ : Resolution of Uncertainty

)
Ceee——

- : Negative Productivity Shock to All Al
Techs (Dominate positive effect if restrictions
are strong enough)

following empirical predictions.

Hypothesis 1. (i) Both the firmi’s Al-related investment and CapEx are higher after the publication of stan-
dards, if a higher number of technological standards are published.
(ii) Both the firm's Al-related investment and CapEx are lower after the publication of standards, if a higher

number of privacylethical standards are published.

In the following sections, we empirically test Hypothesis 1. Additionally, in Appendix Section A, we
provide proofs to the proposition on which Hypothesis 1 is based.'® We also provide a numerical exam-
ple to further validate the predictions of Hypothesis 1: both Al-related and physical investments increase
with the publication of an additional technological standard, but decrease with the publication of an ad-
ditional privacy/ethical standard. Moreover, there is a investment spike (drop) in the period immediately
after the publication of technological (privacy/ethical) standards.!” Note that Al-related investment and
physical investment respond to standards publication in the same direction, because the Al capital and

the physical capital are complements to each other in the production function.

165ee Proposition 1 in Internet Appendix A.
17See Figures A2 and A3 in Internet Appendix A for the numerical examples.
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4 Data Collection and Summary Statistics

This section describes the data used in our empirical analyses. Section 4.1 presents our data on Al stan-
dards and the relevance of Al standards to Al as a field of science. Section 4.2 describes our data on
firm-level Al research and development activities. Section 4.3 details broader firm investment charac-
teristics and presents summary statistics on our sample. Additional information on our country-level
Al investments and Al patenting data can be found in Appendix Section C, which also provides detailed

variable descriptions.

4.1 Dataon Al Standards

We gather data on Al standards from a range of resources, with the primary one being the “US Leader-
ship in AI: A Plan for Federal Engagement in Developing Technical Standards and Related Tools" report
produced by the NIST. Prepared in response to EO 13859, this report guides the formulation of a strategy
that fosters U.S. government’s involvement in Al standardization around the globe. It outlines important
committees integral to Al standardization within international organizations such as the International
Organization for Standardization (ISO), International Electrotechnical Commission (IEC), and Institute
of Electrical and Electronics Engineers (IEEE). Acknowledged worldwide as authoritative arbiters, these
committees wield decisive power in directing both the current state and the future course of Al stan-
dards.'®

After identifying Al-centric standardization organizations and committees, we proceed with manual
data collection directly from the respective websites of these committees. Although our primary interest
centers on the more recent standards developed by these committees, we've curated a comprehensive
timeline of their standards extending back to the 1970s. Moreover, we delve into the processes behind

the creation of these standards, particularly identifying the countries leading these initiatives and those

18\ identified 33 new Al-related standards not covered by NIST, on autonomous vehicles and health informatics, as listed
by the UK government’s Al Standards Hub. Updated results, incorporating these standards, are available upon request.
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involved as committee members. Committee websites, however, offer membership information only as
of the times of our data collection, April 2023. To circumvent this constraint and access historical data,
we utilize the Wayback Machine (accessible at https://archive.org/web/). This resource enables
us to retrieve archived versions of committee websites, thus permitting the collection of membership
information from previous years, going back to 2017. This timeframe aligns well with our research focus,
which leans more towards understanding the recent standards rather than the earlier ones. Notably, the

post-2017 period encompasses 1,200 of the 5,456 standards published since the 1970s.

[Figure 1 about here]

Figure 1 illustrates the number of standards published each year by each ISO secretariat, shown on
the left vertical axis. Secretariats are the countries that lead their assigned committees in the ISO stan-
dardization process. Typically, a national standardization body from a specific country holds this role.
Hosting an ISO committee secretariat offers significant benefits to local businesses and industries. By
taking on this responsibility, a country gains a central role in coordinating the standardization process,
giving it more influence over the committee’s work and the development of standards. This increased
involvement allows governments to actively shape the standards that will later govern their local indus-
tries, ensuring their local needs and interests are considered.

As shown in Figure 1, the standardization process concerning Al, as indicated by the standards pub-
lished by committees recognized by the US government as influential in the field, commenced in the
1970s. However, the advancement of Al standardization during the 1980s and 1990s exhibited a rela-
tively slow pace. In the 2000s, the pace of Al standardization significantly accelerated. Notably, US and
Japanese secretariats played a pivotal role in driving this progress. The timeline of Al standards devel-
opment shown in Figure 1 aligns with the historical progression of Al as described by Russell and Norvig
(2021), which is one of the most-used Al textbooks, adopted by over 1500 schools around the globe as

of 2024. While the concept of Al originated as early as in the 1940s, significant advancements began in
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2001, fueled by the availability of big data, which was enabled by remarkable increases in computing
power and the creation of the World Wide Web (WWW).

Although NIST has considerable expertise in identifying committees that specialize in Al standards,
we independently verify the Al relevance of the standards published by the committees selected by NIST.
To do so, we compare the contents of these standards with contents of Russell and Norvig (2021).'° To
begin our analysis, we compile a list of unique words each year by merging the titles of all published
standards in our sample. These annual word lists are then compared to the word list derived from the
contents section of Russell and Norvig (2021), resulting in a unique Al relatedness measure for each
year. The comparison process involves the following steps. First, we lemmatize both textual inputs and
exclude words from the Cambridge Core Functional Words list (https://bit.1ly/4££0ahV), as well as
numbers and terms such as ‘Part, ‘Vocabulary, and ‘Addendum.” We then calculate similarity using
two methods: strict and fuzzy string matching. In strict matching, we identify words that exist in both
dictionaries, which suggests a 100% similarity based on Levenshtein distance. In fuzzy matching, we
select words with at least 80% similarity based on Levenshtein distance.

The right vertical axis of Figure 1 shows the annual frequency of the book’s contents reflected in the
published Al standards. During our main sampling period, between 35% and 45% of the vocabulary from
Russell and Norvig (2021) was exactly used in Al standards. When we apply fuzzy string matching rather
than strict matching, these ratios increase to between 60% and 90%. These indicate that standards from
NIST-selected committees are closely related to Al, at least collectively. Notably, these percentages are
not cumulative; they reflect the inclusion of the book’s vocabulary in Al standards for each year. However,
caution is warranted, as an increase in the number of standards could mechanically incorporate more
of the book’s vocabulary over time. Furthermore, it is possible that only specific Al standards are driving

the trends shown in Figure 1. To address these caveats, we shift our focus from the overall vocabulary

19The textbook’s contents can be viewed here. Supportive evidence from using other Al textbooks is available upon request.
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coverage to evaluating the degree to which each standard is related to the contents of Russell and Norvig

(2021).

[Table 1 about here]

Panel A of Table 1 showcases the top 10 Al-related standards from our main sampling period (post-
2017), identified through strict word matching between ISO standards’ titles and the content section of
Russell and Norvig (2021). The titles of ISO 4213, ISO 24030, and ISO 24029 explicitly mention “artificial

» «

intelligence,” “machine learning,” and “neural networks,” directly aligning with AI themes. Similarly, ti-
tles of ISO 20547 and ISO 23092 highlight “big data” and “genomic information representation,” areas
heavily reliant on Al for data processing and analysis. ISO 24760, ranked second highest, specifies a
framework for the secure management of identity-related data. Key Al applications, such as biometric
recognition, rely on effective privacy protections for identity data, making this standard vital for main-
taining trust and security within interconnected Al networks.?’ Furthermore, standards such as ISO
27034 and ISO 10373 address technologies and security measures essential for Al applications, includ-
ing authentication and security, and provide guidelines for protecting Al systems.?! Panel B of Table 1
features standards that cite Al-related concepts such as modern software, programming languages, and
robotics between 2000 and 2017. Untabulated analyses show that adding the bibliography of Russell and
Norvig (2021), which includes scientific research papers on Al, to our similarity measurement does not
change our main observations, and Al standards with the lowest Al relatedness scores cover topics such
as media formats. Overall, Table 1 suggests that based on similarity of content, standards published by

NIST-chosen committees do publish several Al-related standards during the main sampling period of

this paper.

20nttps://www.iso.org/standard/77582.html, https://bit.ly/3YhziYA, https://bit.ly/3SnbdvB, https://
bit.ly/4bZSyx1.

21180 27034 prescribes a systematic approach to ensure the critical data used by an organization is adequately protected
throughout the engineering lifecycle. See https://www.iso.org/standard/76070.html. ISO 10373 defines test methods for
the effectiveness of personal identification cards, which store identity-related data potentially used by Al-assisted biometrics
recognition. See https://www.iso.org/standard/73600.html.
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[Table 2 about here]

Table 2 provides useful summary statistics on the Al-relatedness of Al standards. It also presents
textual similarities between Al standards and other well-known textbooks with false triggers (i.e., vocab-
ulary similar to Al vocabulary but in contexts not directly related to AI). These books are: (1) A Primer
in Game Theory (1992), which contains sections on information (e.g., complete and perfect informa-
tion), models (e.g., Stackelberg model of duopoly), and strategy (e.g., mixed strategy). (2) Introducing
Psychology: Brain, Person, Group (2020), which contains sections on intelligence (e.g., intelligence: what
is it?), ethics (e.g., ethics and social psychology), and memory (e.g., encoding information into memory
stores). (3) Shigley’s Mechanical Engineering Design (2015), which contains sections on safety (e.g., safety
and production liability) and theorems (e.g., Castigliano’s Theorem). (4) Elements of Information Theory
(2006), which contains sections on entropy (e.g., relative entropy), coding (e.g., Channel coding theo-
rem), and data (e.g., data compression). (5) Introduction to Algorithms (2009), which contains sections
on algorithms (e.g., Strassen’s algorithm), programming (e.g., dynamic programming), and computation
(e.g., computational geometry).

If our relatedness measure indicates high similarities between Al standards and these textbooks, it
could suggest that our Al-relatedness measure may be driven by factors unrelated to Al. Conversely, if
our methodology demonstrates low similarities, this could provide evidence for the reliability of our ap-
proach. As shown in Table 2, the Al-relatedness score is significantly higher than all other scores in both
strict and fuzzy matching. For strict matching, the Al-relatedness score has a mean of 24.98%, compared
to lower means for Game Theory (6.24%), Psychology (8.15%), Mechanical Engineering (13.53%), Infor-
mation Theory (11.85%), and Algorithms (12.41%). This suggests that, on average, around a quarter of
the words in a given Al standard are exactly related to concepts in Russell and Norvig (2021). This rate

increases to 40.12% when considering fuzzy matching.??

22The popular Al-related terms include data, which is essential for training and testing models; model, which represents
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Collectively, our findings from Tables 1 and 2, along with Figure 1, suggest that the committees identi-
fied by NIST as critical to Al standardization have published a significant volume of Al-related standards
during our main sampling period. We find supportive evidence that Al-relatedness is strong across a
wide range of Al standards rather than being driven by only a few standards. These findings are robust to
a stress test where we evaluate our Al-relatedness measures using vocabulary that resembles Al language
but is not directly related to Al. Based on these observations, we next examine the participation of the

United States and other countries in the global Al standardization process.

[Figure 2 about here]

Figure 2 presents a circle pack figure that visually represents the number of Al standards published
under different committees and secretariats from 1972 to 2022. To enhance readability, the commit-
tee codes have been replaced with short descriptions—i.e., scopes—that reflect the operations of each
committee, as outlined in Appendix Table C2. The figure highlights the diverse areas covered by Al
standardization efforts under US secretariats, including industrial data, programming languages, hu-
man biometrics, guidance on Al, and interoperability. The United States has emerged as a significant
contributor to Al standards, publishing a total of 2,572 standards. Similarly, Japan has played a promi-
nent role, publishing 1,259 standards primarily focusing on digital information and electronic devices,
including graphics and personal identification. Germany has made substantial contributions with 560
standards related to industrial device control, safety, information security, and governance. The United
Kingdom has produced 480 standards covering graphics, personal identification, automation, and soft-
ware. Al standardization efforts have extended beyond these specific countries, encompassing a wide
range of domains globally. These efforts have included the development of standards in areas such as

governance, industrial automation, robotics, IoT, and software development.

the algorithms used for predictions; application, referring to the practical use of Al in software; representation, which involves
encoding or structuring information; processing, which is crucial for handling and analyzing data; and training, the process of
teaching models with data.
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[Figure 3 about here]

Members of ISO committees also play an important role in publishing global standards. This is be-
cause consensus within the ISO voting process is achieved when a substantial majority (i.e., two-thirds)
of committee members vote in favor. Figure 3 provides a visualization of the involvement of countries
around the globe in ISO committees and secretariat roles from 2017 to 2023. As shown in the figure,
the United States takes the lead in terms of both secretariat years and committee membership years.
Following the United States, countries such as the United Kingdom, Japan, Germany, and South Korea
(along with France, Australia, and India, which also lead secretariats) demonstrate significant involve-
ment, measured by their committee years.

While many countries actively participate in standardization efforts, as evident from their committee
years, they do not hold secretariats. This group includes China, Russia, Canada, South Africa, Poland, as
well as Western European countries like Spain and Portugal, and Southern European countries like Italy.
South American countries (such as Brazil, Argentina, and Chile), Central American countries like Mexico,
Central and Eastern European countries (including Czech Republic, Turkey, Romania, and Bulgaria), as
well as Middle Eastern and African countries like Saudi Arabia and Iran exhibit weaker involvement.
Additionally, several African and Asian countries show no involvement in Al standards development.

It's important to note that different committees may publish standards on similar subjects, leading to
overlapping areas of standardization. For example, standards concerning data or machine learning may
be published by committees such as the industrial data committee, data interchange committee, infor-
mation security committee, or even the robotics committee, among others. Similarly, standards related
to programming languages can be published by a dedicated committee on programming languages or
by another committee focused on data privacy. Notably, this approach provides an additional measure
of Al relatedness, based on contextual relatedness to the main subfields of Al, rather than solely on the

contents of Russell and Norvig (2021).
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Figure 4 provides an overview of the different yet non-exclusive categories of standards and their sub-
ject areas. We list some of these below and provide detailed descriptions for them in Figure 4 ’s caption.
In the footnote following each category, we explain why this category is related to Al, and we provide
examples of standards under that category. See Figure C5 for the correlation of these categories and

Appendix Section D.2 for additional examples of Al standards.

* Machine Learning: Standards related to machine learning algorithms, natural language process-
ing, fuzzy logic, neural networks, decision-making processes, semantic analysis, training method-

ologies, and speech and image recognition.?3

* Programming Languages: Standards covering programming languages, software development
practices, program design, software quality assurance, and specific languages like SQL, Pascal, BA-

SIC, Linux, C#, Java, C++, and Python.24

 Ethics and Accountability: Standards addressing governance, ethics, security, explainability, trust-

worthiness, and societal impact of Al systems.?®

* Data: Standards for data management, privacy, security, exchange, and interoperability, excluding

those standards that are already labeled as machine learning standards.?°

23The development in machine learning and neural networks fuel the recent advances in Al technology, and these tech-
niques are applied to fields such as computer vision and robotics (Russell and Norvig, 2021). Examples of machine learning
standards include: ISO/IEC TR 24029-1:2021 (Artificial Intelligence (AI) — Assessment of the robustness of neural networks —
Part 1: Overview); ISO/IEC TR 24372:2021 (Information technology — Artificial intelligence (AI) — Overview of computational
approaches for Al systems); ISO/IEC 15938-17:2022(Information technology -Multimedia content description interface — Part
17: Compression of neural networks for multimedia content description and analysis).

24Programming languages are the tools through which Al algorithms are implemented. Examples of programming language
standards include: ISO/IEC TR 29119-11:2020 (Software and systems engineering — Software testing — Part 11: Guidelines on
the testing of Al-based systems); ISO/IEC 24709-1:2017 (Information technology — Conformance testing for the biometric ap-
plication programming interface (BioAPI) — Part 1: Methods and procedures); ISO/IEC 30106-2:2020 (Information technology
— Object oriented BioAPI — Part 2: Java implementation).

25Ensuring ethical and responsible Al is an important objective of Al standardization. See https://www.iso.org/
artificial-intelligence. Examples of ethical and accountability standards include: ISO/IEC TR 24368:2022 (Informa-
tion technology — Artificial intelligence — Overview of ethical and societal concerns); ISO/IEC TR 24028:2020 (Information
technology — Artificial intelligence — Overview of trustworthiness in artificial intelligence); ISO/IEC 24779-4:2017 (Informa-
tion technology — Cross-jurisdictional and societal aspects of implementation of biometric technologies — Pictograms, icons
and symbols for use with biometric systems — Part 4: Fingerprint applications); ISO/IEC 38507:2022 (Information technology
— Governance of IT — Governance implications of the use of artificial intelligence by organizations).

26Data is the fuel for the Al technology, commonly regarded as the new “oil”. Deep learning, for example, depends on the
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* Interchange: Standards focusing on the interchange or exchange of data, including data formats,

protocols, and representation standards.?’

* Privacy: Standards for privacy protection, cybersecurity, biometric data, and human rights con-

siderations.?®

e Automation: Standards for automated decision-making, process automation, and workflows, ex-

cluding those that are already labeled as machine learning standards.?®

* Interoperability: Standards addressing compatibility and connectivity between Al systems, as well
as integration with other technologies such as IoT, digital twins, internet protocols, and IoT con-

nectivity standards.>°

[Figure 4 about here]

Asillustrated in Figure 4, the standardization efforts within the field of Al have seen a significant surge

in the domains of Machine Learning, Programming Languages, and Safety and Accountability during

availability of large amount of data (Russell and Norvig, 2021). Ensuring data quality, privacy, and effective interchange format
is also a major objective for Al standardization. See https://www.iso.org/artificial-intelligence. Examples of data
standards include: ISO/IEC TR 20547-1:2020 (Information technology — Big data reference architecture — Part 1: Framework
and application process); ISO/IEC 38505-1:2017 (Information technology — Governance of IT — Governance of data — Part 1:
Application of ISO/IEC 38500 to the governance of data); ISO/IEC 19794-13:2018 (Information technology — Biometric data
interchange formats — Part 13: Voice data); ISO/TS 10303-1831:2019 (Industrial automation systems and integration — Product
data representation and exchange — Part 1831: Application module: Scan data 3D shape).

27Effective exchange of data enhances the interoperability of Al systems, and it is a major objective for Al standardiza-
tion. See https://www.iso.org/artificial-intelligence. Examples of interchange standards include: ISO/IEC 39794-
16:2021 (Information technology — Extensible biometric data interchange formats — Part 16: Full body image data); ISO/IEC
21778:2017 (Information technology — The JSON data interchange syntax); ISO/IEC 30161-1:2020 (Internet of Things (IoT) —
Requirements of IoT data exchange platform for various IoT services — Part 1: General requirements and architecture).

28Pprivacy protection and cybersecurity are essential for secure Al systems. Examples of privacy standards include: ISO/IEC
20547-4:2020 (Information technology — Big data reference architecture — Part 4: Security and privacy); ISO/IEC 27400:2022
(Cybersecurity — IoT security and privacy — Guidelines); ISO/IEC 27559:2022 (Information security, cybersecurity and privacy
protection — Privacy enhancing data de-identification framework).

29 Automation is closely related to Al because Al enables the automation of complex tasks such as manufacturing, health-
care, etc. Examples of automation standards include: ISO 23247-1:2021 (Automation systems and integration — Digital twin
framework for manufacturing — Part 1: Overview and general principles); ISO 21919-1:2019 (Automation systems and integra-
tion — Interfaces for automated machine tending — Part 1: Overview and fundamental principles); ISO 14306:2017 (Industrial
automation systems and integration — JT file format specification for 3D visualization).

30Improving the interoperability between Al systems is a major objective for Al standardization. See https: //www.iso.org/
artificial-intelligence. Examples of interoperability standards include: ISO/IEC 19763-3:2020 (Information technology
— Metamodel framework for interoperability (MFI) — Part 3: Metamodel for ontology registration); ISO/IEC 30162:2022 (Inter-
net of Things (IoT) — Compatibility requirements and model for devices within industrial IoT systems); ISO/IEC 21823-3:2021
(Internet of things (IoT) — Interoperability for IoT systems — Part 3: Semantic interoperability).
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our sampling period from 2017 to 2022, aligning with the vision of EO 13859. It is worth noting that
the relatively lower frequency of standards in the Data category does not diminish the importance of
data standards. Instead, it indicates that extensive guidelines for data management have already been
established through previous standardization efforts.

In the Data category, the new standards predominantly revolve around Machine Learning (and we
count them as such) and incorporate accountability aspects. This signifies the evolving landscape of Al
applications and reflects the need to address the challenges and considerations specific to ML models.
Similarly, the standards related to Data Interchange follow a similar pattern, focusing on integrating data
with ML models and ensuring effective and secure data exchange. Conversely, automation standards,
including those associated with physical equipment, have experienced a decline in frequency. This shift
in focus can be attributed to the increasing emphasis on advancing Al technologies and their integration
into various processes.

In summary, this section offers an overview of our Al standards data. We demonstrate that the com-
mittees identified by NIST as crucial for Al standardization have produced a substantial number of Al-
related standards. We delineate the data sources and emphasize the pivotal role of committees and sec-
retariats in Al standardization. Furthermore, we present evidence showcasing the evolution of standards
issued by Al-centric committees over time. In the subsequent section, we expand our analysis by pro-

viding descriptive statistics on Al-specific research activities.

4.2 Data on Al Research and Development

This section provides an overview of our data on firm-specific Al research and development activities.
This data comes from the Private-sector Al-Related Activity Tracker (PARAT) database, maintained by
the Emerging Technology Observatory (ETO). It contains detailed information on firms’ research publi-

cations at major Al conferences, which serve as a proxy for their commitment to Al research and devel-

25



opment.3! ETO compiles this data from over 260 million scholarly articles, linking publications to com-
panies based on authors’ institutional affiliations. Additionally, ETO employs machine learning models
to identify research in Al, natural language processing, robotics, and computer vision, all of which are
included in our analyses.

Our Al research sample consists of all public and private firms classified as ‘mature’ by ETO, excluding
those with ‘undefined’ industry values, resulting in a final sample of 577 unique firms between 2018
and 2022. 504 of these firms are based in the United States, with the rest located in countries such as
China, France, Germany, Ireland, Japan, Netherlands, South Korea, Sweden, Switzerland, and the United
Kingdom. These firms operate across 26 sectors, with the largest being Software & IT Services (67 firms),
Technology Equipment (47 firms), Industrial Goods (43 firms), Retailers (24 firms), and Transportation
(14 firms).

We focus on Al research as our primary variable of interest because it reflects both firms’ investments
in Al development and their ability to push the boundaries of Al knowledge in the public domain. From
a policy perspective, enhancing Al research thus serves dual objectives. That said, we also examine Al
investments in the private domain. These additional analyses include monetary Al investments and
Al patenting behavior, based on ETO’s country-year panel. Detailed information about this dataset is

provided in Appendix Section B.4.2.

4.3 Summary Statistics

In this section, we present descriptive statistics on the variables used in our empirical analyses. Panel

A of Table 3 presents summary statistics on (Al innovator) firms that exist in ETO’s Al research dataset.

3lThese conferences include the AAAI Conference on Artificial Intelligence (AAAI), International Joint Conference on Arti-
ficial Intelligence (IJCAI), IEEE Conference on Computer Vision and Pattern Recognition (CVPR), European Conference on
Computer Vision (ECCV), IEEE International Conference on Computer Vision (ICCV), International Conference on Machine
Learning (ICML), International Conference on Knowledge Discovery and Data Mining (SIGKDD), Conference on Neural Infor-
mation Processing Systems (NeurIPS), Annual Meeting of the Association for Computational Linguistics (ACL), North Ameri-
can Chapter of the Association for Computational Linguistics (NAACL), Conference on Empirical Methods in Natural Language
Processing (EMNLP), International Conference on Research and Development in Information Retrieval (SIGIR), and the Web
Conference (WWW).
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As shown, the mean value for logged Al research publications is 0.96. For computer vision research, the
mean is 0.51, while both natural language processing and robotics research have means of 0.31. Panel
B of Table 3 highlights important details regarding corporate outcomes on all firms in the Worldscope
universe from 2017 to 2022. Two notable financial metrics in our analysis are the CAPEX/AT and R&D/AT

ratios.?? Their means (medians) stand at 4.82% and 5.31% (2.14% and 2.11%), respectively.

[Table 3 about here]

We report summary statistics on two additional variables in Panel B. The first one, Log(Committees),
refers to the natural logarithm of the number of ISO committees that a country is a member of in a given
year for each firm. It represents the level of participation and involvement of a firm’s headquarters coun-
try in ISO committees. It displays a mean of 1.90 with a median of 2.48. The variable %UNSC Members
indicates the percentage of rotating United Nations Security Council Members under a country’s secre-
tariat in a given year and remains at zero for countries without secretariats in all years.

In our main specification, the countries with non-zero %UNSC Members values are France, the
United Kingdom, and the United States.>® In later stages of the paper, we use countries with secre-
tariats but without permanent UN Security Council positions as placebos because it is unlikely for such
countries to exert influence over the Al standardization process using the UN Security Council. These
countries are Sweden, Germany, India, Japan, Australia, and South Korea.?* With an average of 2%, it
suggests a low proportion of UNSC rotating member firms across all committees. However, the standard
deviation of 4% illustrates substantial variability in this measure. Since Panel A focuses more on U.S.-
centric data from ETO’s Al innovators, the mean value for %UNSC Members in Panel A is 10%, with a

median of 11%.

32Gimilar to Gutierrez and Philippon (2017); Rajan and Zingales (1998), we also deflate CAPEX with PPE, i.e., we use World-
scope ITEM 8411, which has significantly fewer observations. These results are available upon request.

33For example, the United States in 2021 had 5 UNSC members among the 44 countries under its secretariat. This suggests
that the instrumental value for 2022 for the United States is equal to % =11.36%.

34Similarly, Germany had 49 countries in its secretariats in 2020, and 4 of these were UNSC members. This suggests that the
placebo instrumental variable for Germany for 2021 is % =8.16%.
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Figure C7 in the Appendix shows the distribution of permanent and rotating UNSC members in a
secretariat-committee-year panel led by permanent members of the UNSC and other countries that are
not permanent members of the UNSC. As shown, the average is 28.54%. Approximately 35.35% of this
figure is driven by rotating UNSC members, highlighting the importance of the instrument. Importantly
for us, there is considerable variability across committees, particularly for U.S.-led committees, which
are critical for our analyses. For ISO/TC 184/SC 4, the total UNSC membership rate is 41.67%, with
33.33% driven by UNSC rotations. This suggests that UNSC members already satisfy near thirds of the
votes necessary to publish new standards.?® In ISO/TC 184/SC 5, the total UNSC membership rate is
36.67%, with 24.24% driven by UNSC rotations. In ISO/IEC JTC 1/SC 32, the total UNSC membership
rate is 32.74%, with 35.14% driven by UNSC rotations.>® We utilize the cross-committee variation in later
stages of the paper and show evidence that the results are stronger in these committees where UNSC
rotations have a greater influence.

Both panels of Table 3 provide descriptive statistics on Al standards. The variable Log(AI Standards)
represents the logarithm of Al standards published under the secretariat of a given country in a given
year, for all of its local firms. In Panel A (B), it has a mean of 4.05 (1.51) and a standard deviation of
1.37 (1.73). The average log value for machine learning standards is 2.25 (0.73) in Panel A (B), indicat-
ing the widespread adoption of these standards in the Al industry. Similarly, the mean of the logged
data standards is 3.35 (0.55) in Panel A (B), reflecting considerable utilization of data-related standards.
Log(Accountability Standards), a measure of accountability norms in Al utilization, shows a mean of
0.50 (0.23) in Panel A (B) and a standard deviation 0f0.80 ( 0.56). Log(Automation Standards) captures

the extent of automation norms across firms with a mean of 3.31 (0.42) in Panel A (B) and a standard

35Consensus within the ISO voting process is achieved when a substantial majority (usually two-thirds) of participating mem-
bers vote in favor of a draft, even if there is some opposition. This demonstrates that the issues have been thoroughly discussed,
and efforts have been made to address any conflicting arguments. By setting a two-thirds majority requirement for acceptance,
ISO ensures that a significant majority of its member bodies support the standard, establishing widespread acceptance and
credibility within the international community.

36These figures are higher, and our main findings are robust when China is excluded from the committees, which may help
with the interpretation of the shock.
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deviation of 1.20. This is followed by Log(Programming Standards), and Log(Interoperability Standards)
which hold similar implications in their respective areas.

Standards related to privacy and human biometrics are represented by Log(Privacy Standards) and
Log(Human Biometric Standards), with means of 1.77 (0.34) and 1.73 (0.37) respectively in Panel A (B).
Figure C5 in the Appendix illustrates the covariance matrix for Panel B variables. The figure reveals a
notable 70% correlation between the adoption of machine learning and data standards, despite their
distinct definitions. Conversely, the correlation between machine learning and ethical standards stands

at 21%.

5 Empirical Framework

In this section, we present the empirical methods we use to validate the theoretical predictions discussed
in Section 3. Our primary dependent variable, y; . ;, represents Al-specific or broader investments of
firm i from country c in year . Al-specific investments are quantified through firms’ Al research activ-
ities, as evidenced by published research papers at leading Al conferences around the globe. Broader
investment measures include the ratio of capital expenditures to lagged assets and R&D expenditures to

lagged assets. All dependent variables are measured at the end of year #. We estimate

Yie,t = Bo+ P1Log(Al Standards; . ;) + Y Xi,c,t-1 + TW,;—1 + Fixed Effects +€; ¢ 1, 2

where Log(Al Standards; . ) represents the logarithm of the number of Al standards published in
year ¢ by all committees under the secretariat of country ¢, where firm i is located. It’s therefore equal
to zero for firm-years belonging to countries without secretariats. X; . ;- is a vector of observable firm
characteristics. It contains logged book value of assets, cash flows to assets, leverage, and logged age of

firm i from country cin year #-1. W, ;_; is a vector of observable country characteristics. It contains the
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logged number of Al committees country c is a member of in year #-1. It serves as a control variable to
account for the potential impact of participating in global Al standardization efforts, even if a country is
not leading those efforts as a committee leader.

Specification (2) also includes firm and year, or firm and industry x year fixed effects. With industry
x year fixed effects we separate out the effects of Al standards from the potential effects of contempora-
neous shocks at the industry-year level. This is necessary because Al standards can be more prevalent
in certain industries compared with others in a given year. For example, Al standardization may matter
more for tech firms in years of patenting spikes or in years with important tech regulations, e.g. CCPA
(Canayaz et al. (2022)).

By incorporating firm fixed effects, we investigate firms over time. We include these fixed effects to
account for the fact that Al standardization activity may have varying importance for different firms on
average. Firm fixed effects help control for unobserved factors that could otherwise contribute to varia-
tions in investments, providing a more accurate analysis. We two-way cluster standard errors at country
and industry (Fama-French 48) levels to account for the presence of serial correlation in each country
and industry. Our findings are robust to employing alternative clustering methods. Specifically, we con-
ducted additional analyses using clustering at the country level, industry level, and a two-way clustering
approach at the country and year levels. Across all these clustering methods, the results consistently
support our main findings, providing further confidence in the robustness of our results. Furthermore,
to ensure maximum retention of the ETO sample in our main analyses, we utilize only fixed effect con-
trols in our Al research regressions. However, results incorporating control variables from the merged
PARAT-Worldscope universe are available upon request.

How do we estimate the causal effect of Al standards on investment? An ordinary least squares (OLS)
estimate of 1, our coefficient of interest, may not reveal any causal effect of Al standards on financial

outcomes due to endogeneity. For instance, companies of higher unobserved "quality" can leverage
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their influence to advocate for the development of more standards that benefit them, thereby reducing
uncertainty about the nature of forthcoming standards for these firms. Consequently, these firms don’t
need to postpone their investments waiting for the standards to be announced, as they foresee that fu-
ture standards will be aligned with their existing investment. This unobserved higher firm “quality” (i.e.,
an omited variable) is thus negatively correlated with firm investment post-publication, and positively
correlated with the number of standards published, causing a downward bias on ;.

We estimate specification (2) using a two-stage least squares (2SLS) procedure, employing the well-
established shock of two-year rotations in ten of the fifteen UN Security Council (UNSC) seats (Kuziemko
and Werker, 2006). To utilize this shock effectively, we need to establish two key points: the collabora-
tion between the UN and ISO, and the UNSC’s influence on UN policies. We begin by addressing the
first link. The UN'’s active relationship with ISO is detailed in the report titled “ISO and the UN: Work-
ing Together for International Standardization.”3” This report outlines ISO’s active engagement with the
UN since 1947, highlighting the significant contributions of UN experts to ISO committees and listing 26
UN agencies involved in ISO standards development. Many ISO committees in our sample are officially
in liaison with UN-affiliated organizations, which suggests that they make contribution to the commit-
tee’s standard setting or indicated a wish to be informed.*® For example, ISO/IEC JTC 1/SC 42 (Artificial
intelligence) is in liaison with the International Telecommunication Union (ITU) and the United Na-

tions Educational, Scientific and Cultural Organization (UNESCO), both are UN-agencies.>® In addition,

37 Available for download from the ISO website: https://www.iso.org/files/live/sites/isoorg/files/store/en/
PUB100432. pdf.

38180 defines an organization is in liaison with a committee if the organization (A) makes an effective contribution to the
work of the technical committee or subcommittee for questions dealt with by this technical committee or subcommittee, or
(B) indicated a wish to be kept informed of the work of the technical committee or subcommittee, or (C) makes a technical
contribution to and participate actively in the work of a working group. See https://www.iso.org/organization/9777.
html for the three types of liaison relationships.

39For additional examples, ISO/TC 184 (Automation systems and integration) is in liaison with the United Nations Economic
Commission for Europe; ISO/TC 299 (Robotics) is connected to World Federation of Engineering Organizations (which is offi-
cially associated with UNESCO); ISO/IEC JTC 1/SC 7 (Software and systems engineering) is related to ITU; ISO/IEC JTC 1/SC
27 (Information Security) is related to ITU and United Nations High Commissioner for Refugees; ISO/IEC JTC 1/SC 29 (Cod-
ing of audio, picture, multimedia and hypermedia information) is connected to ITU and World Intellectual Property Orga-
nization. See information provided under “organizations in liaison” in the corresponding committee websites on ISO, e.g.,
https://www.iso.org/committee/6794475. html.
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a notable example of UN-ISO collaboration in artificial intelligence is the work of the Standardization
Programme Coordination Group (SPCG) in the World Standards Cooperation. The SPCG website clearly
outlines joint efforts between ITU and ISO on topics such as Al big data, and machine learning.*’

Given the evidence for the influence of the UN over ISO, we next explore whether the UNSC can influ-
ence UN policies. Economics literature provides insight into this question. Kuziemko and Werker (2006)
show that a rotating member country’s US aid increases by 59 percent and its UN aid by 8 percent when
it joins the council.*! This suggests that the UNSC does use the UN as a vehicle to influence policy in a
quid pro quo manner and allows us to make a formally testable relevance assumption. We hypothesize
that the number of Al standards published under the secretariats of the United States and other perma-
nent UNSC members will increase (decrease) as the percentage of rotating UNSC members under these
secretariats increases (decreases). This is based on the expectation that more (fewer) countries will align
with and support the initiatives of these leading secretariats in their respective committees. We empiri-
cally support this assumption by employing F-tests with well-known rules of thumb (Lee et al., 2022) and
confirm that our test statistics comfortably surpass the necessary threshold values.

The remaining identifiability assumptions of the 2SLS procedure are instrumental unconfounded-
ness and exclusion. The unconfoundedness assumption (also known as independence) states that there
are no backdoor paths between the instrument and the dependent variables of specification (2). This
relies on the conditional orthogonality between elections of rotating UNSC members and our financial
outcome variables (y; ;) beyond the control structures introduced in specification (2). Although un-

confoundedness is not a formally verifiable assumption, we provide ample empirical evidence for the

40pjease see the SPCG website here: https://www.worldstandardscooperation.org/what-we-do/spcg/. Additionally,
the US government directs its agencies, such as the Department of Commerce, to advance the Al agenda established by NIST.
A prime example of this is the U.S.-India initiative on Critical and Emerging Technology, which seeks to enhance U.S.-Indian
collaboration on standard-setting on trustworthy Al, among other objectives (https://bit.1ly/49£ZFkW). This initiative was
established in 2022, which was one year after India rotated into UNSC in 2021 and received a spike of US foreign aid (i.e.,
obligations increased from $161 million in 2020 to $316 million in 2021, data source: https://foreignassistance.gov/
data).

4lKuziemko and Werker (2006) find that these effects increase during years in which key diplomatic events take place. In
untabulated results, we confirm that our main findings do not change if we study “import years”, but based on our observation
most years after 2017 are “important years” based on the war in Ukraine.
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rotating countries’ inability to time their two-year UNSC memberships based on observable proxies for

).42 We also find no evidence for

investment such as economic complexity indices (Hidalgo et al. (2009)
rotating UNSC members timing their Al committee and UNSC memberships in coordination. These
provide supplementary evidence for the arguments in Kuziemko and Werker (2006) on the orthogonality
of two-year UNSC rotations against other world events.

The exclusion restriction assumption is also formally untestable, and it states that our instrument’s
effect on financial outcome variables are fully through Al committee membership. Thanks to our con-
trols variables and the fixed effects (i.e., firm and industry x year), backdoor paths through which rotat-

ing UNSC membership can influence financial outcomes are limited.*3

Based on the identification assumptions above, we run first-stage regressions on the below model:

Log(Al Standards; . ;) = ag + a1 % UNSC Members; ¢,;-1 + Y Xi,c,t-1

+1W, ;-1 + Fixed Effects +¢€; . 1, 3)

where % UNSC Members; . ;-1 serves as an instrumental variable, representing the percentage of rotat-
ing UNSC members in the year ¢-1 within the secretariats of permanent UNSC member country c¢. To
calculate the ratio, we divide the total number of rotating UNSC members across the committees un-
der the secretariat of country c in a given year by the total number of committee members under the
same secretariat in that year. We assign this percentage value to all firms i headquartered in country
c¢. It therefore measures the percentage of ISO members in the secretariats of the United States, the

United Kingdom, and France for a specific year. However, it is equal to zero for all other countries in the

425ee, for example, Appendix Figure C4, which presents empirical evidence indicating that rotating UNSC members do not
specifically target AT Committees.

43We also conduct an informal test of the exclusion restriction with a zero-first-stage test that evaluates the usefulness of our
instrument in a subsample, e.g., industries that are weakly dependent on Al, in which the instrument affects financial outcomes
minimally (Angrist et al. (2010); Altonji et al. (2005)). The underlying idea is that if the first stage, which captures the effect of
the instrumental variable (IV) on the treatment variable, is zero within a specific subsample, then the reduced form, which
represents the effect of the IV on the outcome, should also be zero if the exclusion restriction is met. Our results on these tests
are also available upon request
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Worldscope universe. This instrumental variable enables us to compare the standards issued under the
secretariats of countries that experience random variations in the composition of committee members,
against countries that do not undergo such changes.

In the second stage of our 2SLS procedure, we run regressions on the below model:

Vietr=PBo+ ,BlLog(AImrdsilc,t) +vXici-1+TW, -1+ Fixed Effects +¢; ¢ 1, 4)

where Log(AImrdsi’ ¢,1) denotes the instrumented Log(Al Standards; . ,) from the first stage. This
identification strategy allows us to estimate the effect of an increase in the number of Al standards under
a country’s secretariat on financial outcomes locally on firms headquartered there. In doing so, we ex-
ploit time-series variation in Al standard publications driven by changes in the prevalence of politically-

aligned Al committee members under a secretariat.

5.1 A Discussion of Placebo Tests and Committee-Level Shocks

Although we have compelling evidence for the relevance condition and well-founded arguments for the
unconfoundedness and relevance assumptions, we refine our empirical approach with two key improve-
ments that support our identification strategy and provide important tests for effect heterogeneity. First,
we conduct a placebo test by analyzing the percentage of UNSC rotating members under the secretariats
of Sweden, Germany, India, Japan, Australia, and South Korea—countries that are not permanent UNSC
members but hold secretariat positions. In this placebo analysis, we retain the empirical specifications
outlined in (3) and (4) and apply our two-stage procedure. Our only modification is the definition of
%UNSC Members; . -1, which now represents the percentage of UNSC rotating members within the
secretariats of these countries, while being zero for all other countries in the sample. If UNSC rotations
significantly affect firm investments in these placebo countries, it would indicate the presence of poten-

tial confounding factors or alternative channels (e.g., competition), which may complicate our analyses.
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Second, we significantly refine our identification strategy by shifting from using two-year rotations
as a shock to each secretariat to using them as a shock to each committee. The proportion of favorable
members in U.S.-led committees, for example, varies depending on the composition of each committee
prior to UNSC rotation announcements. Consequently, we use the percentage of UNSC members in each
committee as an instrument for the number of standards published by each committee. This adjustment
also allows us to examine effect heterogeneity, which should be crucial for policymakers. In particular,
activities of certain committees could help or hurt US businesses and policy recommendations should
take this into account. Importantly, these analyses also help us highlight that our results are stronger in
U.S.-lead committees where our instrument has a greater influence. While these analyses are important,

we present them in Appendix Section C.1 due to space constraints.

6 Main Findings

This section presents our main empirical findings on the relation between Al standards and corporate
outcomes. Section 6.1 details our core findings on firm-level Al research. Section 6.2 covers capital and
R&D expenditure. Section 6.3 presents our findings on effect heterogeneity based on the Al related-
ness of standards. Section 6.4 presents findings on effect heterogeneity based on topics of Al standards.
Lastly, Section 6.5 highlights our findings on firm value. For brevity, additional important findings are
presented in Appendix Section C, including effect heterogeneity based on our committee-level instru-
ment, country-level Al investments and Al patents, and a robustness check where we randomly exclude

250 Al standards and rerun the 2SLS regressions.

6.1 The Influence of Al Standards on Firm-Level AI Research

In this section, we present the results of our analysis on the impact of Al standards on firm-specific Al

research. We employ the 2SLS procedure outlined in Section 5 to estimate the effects locally. Table 4
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displays our findings.

[Table 4 about here]

The results from the second-stage regressions (Panel A) demonstrate that the logarithm of Al stan-
dards exerts a significant and positive influence on research outputs in Al, computer vision, natural lan-
guage processing, and robotics, with respective coefficients of 0.23, 0.22, 0.14, and 0.18. These coeffi-
cients translate to standard deviation increases of 0.21 for Al research activity, 0.27 for CV research, 0.22
for NLP research, and 0.32 for robotics research, per standard deviation increase in Al standards. The tF
critical values confirm that the estimated effects are statistically significant at the 1% level. Additionally,
untabulated results indicate that clustering standard errors only at the sector level yields comparable or
in some cases even stronger statistical significance.

Panels B and C provide insights into the drivers of the second-stage regression coefficients through
reduced form and first-stage regressions. As anticipated, the instrument substantially increases the
logged value of Al standards. The first-stage regressions reveal that a one standard deviation increase
in UNSC membership rotation in secretariats of the permanent UNSC member nations results in a 0.59
standard deviation increase in Al standards, underscoring the instrument’s effectiveness in the adoption
of Al standards. Panel D’s OLS regression results suggest a downward bias, as expected and discussed in
Section 5. The placebo test in Panel E, using nations not affiliated with the UNSC, provides supportive
evidence for the mechanism in play.

Overall, the results from Table 4 demonstrate that Al standards have an economically meaningful
and statistically significant influence on firm-specific Al research. As our sample of standards is predom-
inantly represented by technological standards rather than privacy/safety standards, as demonstrated by
Table C1 and C2, these findings are consistent with part (i) of our Hypothesis 1, which predicts a posi-
tive relationship between Al investments and technological standards. It’'s important to note also that Al

standards not only influence corporate investments but also enhance Al technology for the broader com-
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munity through firms’ published research. This underscores the value of Al standards beyond merely
shaping corporate investment.

In Appendix Section C, we also estimate the influence of Al standards on Al investments and Al
patents at the country level. Our findings in Table C3 highlight that a unit increase in Log(AI Standards) is
associated with increases in logged Al investments, patent applications, and total Al patents granted by
0.23, 0.46, and 0.35, respectively. In Appendix Figure C8, we show how Al standards influence different ar-
eas of Al investments and patent applications. As shown in this figure, Al standards boost investments in
areas such as robotics, manufacturing, cybersecurity, privacy, data analytics, software, face recognition,
and education. Furthermore, the number of Al patent applications increases in sectors such as banking
and finance, security, industrial manufacturing, machine learning, transportation, telecommunications,

and computer vision, following the adoption of Al standards.**

6.2 The Influence of Al Standards on Capex and R&D Investments

In this section, we present the results of our analysis on the impact of Al standards on capital and R&D
investments based on the 2SLS procedure outlined in Section 5. Table 5 displays our findings from the

second stage regressions, reporting the coefficient estimates in percentage terms.

[Table 5 about here]

Table 5 reveals that Al standards lead to increases in both capital and R&D expenditures by the year’s
end. This is demonstrated by the coefficients of 0.48% and 0.50% in the first two columns (representing
capital expenditures), and 1.86% and 1.65% in the third and fourth columns (representing R&D expen-
ditures), respectively. Based on the corresponding critical values, these estimates are statistically signifi-

cant at the 5% level and suggest that a standard deviation increase in Al standards drives a 0.11 standard

44We also find an increase in firm-level patenting activity using the PARAT dataset. Our results are available upon request. It's
important to note also that several of our statistical estimates in Appendix Figure C8 are statistically significant at 5% and 1%
levels based on their tF critical values of 2.31 and 3.85, respectively.
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deviation increase in capital expenditures and a 0.28 standard deviation increase in R&D expenditures.

[Table 6 about here]

Table 6 is divided into four panels, presenting findings from reduced-form regressions (Panel A),
first-stage regressions (Panel B), OLS regressions (Panel C), and our placebo test (Panel D). These anal-
yses provide a deeper understanding of the effect of Al standards on corporate investments estimated
in Table 5. Panel A highlights a clear, positive link between the percentage of UNSC rotating members
and the ratios of both capital expenditures and R&D expenditures to total assets. Our findings suggest
that a one standard deviation increase in the percentage of UNSC rotating members results in a 0.29%
increase in capital expenditures and a 1.10% increase in R&D. Appendix Figure C9 shows our second-
stage coefficient estimates after randomly removing 250 Al standards 1,000 times. All estimates remain
economically and statistically significant, confirming that the effects of Al standards on CAPEX and R&D
hold up under this robustness test.

Panel B highlights a strong positive first stage. Interpreting our estimates suggests that a one stan-
dard deviation increase in the percentage of UNSC rotating members results in a growth in Al standards
by up to 0.34 standard deviations. Panel C presents the OLS estimates. The coefficients show a positive
and significant association across all specifications, amounting to 0.35% for CAPEX/AT and varying from
0.74% to 0.84% for R&D/AT. However, compared to the results in Table 5, our OLS estimates yield smaller
coefficients—up to 70% and 45% of the 2SLS coefficients. This comparison illustrates the potential un-
derestimation of the effect of Al standards on corporate investments in the OLS regressions. Lastly, the
placebo test results shown in Panel D indicate that the instrument used for the placebo test does not
have any meaningful impact on our variables of interest.

Overall, these findings align with part (i) of Hypothesis 1, which posits a positive relationship be-
tween physical investment and technological standards. Appendix Table C5 shows that among firms in

the United States, United Kingdom, and France—leaders in Al standardization committees—U.S. firms
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realize the greatest benefits from Al standards. Even excluding the United States, UNSC member coun-
tries continue to exhibit significant advantages over other permanent members like China and Russia,
which do not lead any secretariats. Additionally, firms from countries not involved in Al standardiza-
tion process as committee members suffer, underscoring a clear hierarchy in the impact of Al standards

based on country participation in the standardization process.

6.3 Effect Heterogeneity Based on Al Relatedness of Al Standards

In Section 4, we present two key findings concerning the relationship between Al standards and Al as a
field of science. First, our analysis reveals that during our main sampling period (i.e., after 2017), the vo-
cabulary from a prominent Al textbook (Russell and Norvig, 2021) was extensively cited in Al standards.
Specifically, fuzzy word matching indicates that approximately 90% of Russell and Norvig (2021)’s con-
tents section was referenced by Al standards published in 2018 and 2019. Even under a strict matching
approach, around 45% of the book’s vocabulary was found in these standards. Second, we develop a
novel metric for assessing Al relatedness, which evaluates how well the vocabulary of each Al standard
aligns with the contents section of Russell and Norvig (2021). We demonstrate that this metric effectively
identifies standards closely related to Al and remains robust when tested with textbooks that contain
popular Al terms but are not directly related to the field.

Building on these insights, we next explore how the estimated effects discussed in Sections 6.1 and
6.2 vary based on Al relatedness. In doing so, we analyze the top 50%, 25%, and 10% of Al standards
according to their Al relatedness scores, obtained through strict word matching. For each subset, we
apply the 2SLS procedure described in Section 5. The findings for these groups are detailed in Panels A

through C of Table 7.

[Table 7 about here]

Table 7 shows that the economic significance of Al standards increases with their Al relatedness. Pan-
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els A, B, and Creveal a clear upward trend in effect estimates as we move from the top 50% to the top 10%
of Al standards by Al relatedness. Moreover, the coefficient for Log(Al Research) in Panel C rises to 0.28,
compared to 0.23 in the full sample (Column (1) of Table 4). Similarly, Log(CV Research) increases from
0.21 to 0.28, and Log(NLP Research) grows from 0.14 to 0.17. The coefficient for Log(Robotics Research)
goes up to 0.22 from 0.18, while CAPEX/AT rises to 0.58 from 0.50. Notably, RD/AT jumps to 1.99 from
1.65. These findings underscore that effects are more pronounced for standards with higher Al related-
ness. All estimates are statistically significant based on the provided tF critical values. This result shows
that higher Al-relatedness of standards induces not only higher Al investment, but also higher broader
investment. The former result further supports the validity of our Al-relatedness measure. The latter im-
plies that the publications of standards more related to Al increase firms’ overall productivity, leading to
higher general investment. This could be due to the increasing relevance of Al technology in our sample

period.

6.4 Effect Heterogeneity Based on Contents of Al Standards

The previous section shows that the influence of Al standards varies with their relatedness to Al, with
greater relatedness resulting in more significant effects on both AI and broader investments. In this
section, we examine how relatedness to a diverse array of Al topics impacts our results. To that end,
we categorize Al standards into the following distinct topics: Machine Learning, Data, Automation, Pro-
gramming Languages, Interchange, Machinery & Equipment, Ethics & Accountability, and Privacy, which
are first introduced in Section 4.1. Notably, we do not find significant results for interoperability and ex-
clude this variable for conciseness. This approach enables us to assess the impact of each Al standards
category on Al and broader investments, offering a clear understanding of how different aspects of Al

relatedness shape the overall effects.

[Table 8 about here]
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Table 8 presents the results of this detailed breakdown, revealing how different Al standard cate-
gories impact firm-specific Al research outcomes. The results from Panel A reveal that Data standards,
Automation standards, Interchange standards, and Machinery & Equipment standards have significantly
positive effects on broad Al research. In contrast, Ethics & Accountability standards exhibit a significant
negative impact. Looking at Panels B, C, and D, we see that Data standards have the strongest positive
effect on Language Processing research, while Automation, Machinery & Equipment, and Interchange
standards have the strongest effect on Computer Vision research. Ethics & Accountability standards
have the strongest (negative) effect on Natural Language Processing research. As can be seen from the
table, we have omitted tF critical values to ensure the table’s fit. Our untabulated findings confirm that
all second-stage estimates are statistically significant at the 5% level or better, with the exception of the
estimate for Ethics & Accountability standards, which is significant when we cluster the standard errors

only at the industry level.

[Table 9 about here]

Table 9 shows how different Al standard categories influence capital and R&D expenditures. The re-
sults show significant positive relationships between capital expenditures and standards associated with
Machine Learning, Data, Automation, Programming Language, Interchange, and Machinery & Equip-
ment. The magnitude of these effects varies, with Machine Learning and Interchange Standards show-
ing the strongest impacts, with 1.58% and 0.30% increases in CAPEX/AT, respectively. However, stan-
dards related to Ethics & Accountability and Privacy show a negative, albeit insignificant, relationship
with CAPEX. Panel B examines the impact on R&D expenditures. Machine Learning, Data, Automation,
Interchange, and Machinery & Equipment standards all have significant positive relationships with R&D,
with Machine Learning and Interchange Standards again having the most substantial impact (5.17% and
1.00% increase in R&D/AT, respectively). Ethics & Accountability standards show a negative, but insignif-

icant impact on R&D. Privacy standards, on the other hand, show a significant negative relationship with
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R&D, resulting in a 9.36% decrease in R&D/AT.*®

Consistent with Hypothesis 1, the findings in Table 8 and 9 highlight the nuanced ways in which dif-
ferent categories of Al standards can drive or hinder Al investment and broader investment in CAPEX and
R&D. Firm investments are positively influenced by the number of published technological standards
such as (a) Data and Interchange Standards, which serve the Al eco-system, and (b) Machine Learning
and Automation standards, which aim to provide technological instructions on implementations of Al
technologies. However, investment is discouraged after the publication of Privacy and Ethical standards,
which impose constraints on Al technologies. This underscores the importance of individual categoriza-
tion and consideration when interpreting the effects of Al standards on corporate investment decisions.

Table C4 of the Appendix reveals several related and important findings. First, after restricting our
sample to the top 10% of Al standards by Al relatedness, all Al standard categories demonstrate econom-
ically larger effects on both CAPEX and R&D expenditures. Second, the previously insignificant Program-
ming Languages category now exhibits both economic and statistical significance for CAPEX and R&D
in this restricted sample.*

Tables C6 and C7 of the Appendix show the impact of different standardization committees on Al
and broader investments by using a more sophisticated 2SLS procedure explained in Section 5.1. As
shown, our findings are robust to the exclusion of committee TC 184/SC 4, which publishes many of
the Al standards. We also show that not all committees positively influence investments. For example,
the Programming Languages committee significantly increases investment, while committees on Data
Interchange and Guidance on Al have negative effects. Overall, this section highlights the significant
role of the issuing committees in shaping corporate investment decisions. They suggest that a blanket

assessment of Al standards as universally good or bad is flawed; their effectiveness depends on both their

450nce again, we have omitted tF critical values to ensure the table’s fit. Our untabulated findings confirm that all second-
stage estimates are statistically significant at the 5% level or better.

46The smaller sample size for Al research data limits our ability to conduct a comparable analysis. Nevertheless, detailed
results for this smaller sample are available upon request.
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content and the issuing committee, as demonstrated in this and previous sections.

6.5 Al Standards and Firm Value

The effects of Al standards on firm valuation are important to analyze, as they provide a forward-looking
perspective regarding the influence of Al standards on firms. In this section, we employ two approaches
to analyze firm valuation. Firstly, we examine the one-year ahead impact of Al standards on valuation
ratios and provide insights into how Al standards influence investors’ expectations and market percep-
tion of firms’ long-term prospects. Secondly, we assess the dynamic treatment effects on valuation ratios
by examining valuations from a year ago up to three years later. By observing the shifts in Tobin’s Q or
M/B over time, we explain the anticipation, persistence, and trajectory of the impact of Al standards on

firm valuation.

[Table 10 about here]

Table 10 provides insights into our initial approach. It outlines the local treatment effects of Al stan-
dards on future Tobin’s Q and M/B ratios, indicating a significant increase in firm value. Based on our
estimates, an increase of one standard deviation in Al standards increases next year’s firm value by up
to 0.12 and 0.14 standard deviations (respectively based on M/B and Tobin’s Q regressions) for the aver-
age firm. Crucially, our first-stage estimates surpass the necessary threshold for the relevance condition.
It’s important to note that Al standards can offer effects beyond a single year as their imprint on firm

activities deepens. For this reason, we further scrutinize firm value dynamics over an extended period.

[Figure 5 about here]

Figure 5 illustrates the dynamics of the effects. As shown, the pre-standardization period reveals no
distinguishable trends. However, a pronounced positive impact on firm value becomes evident from the

first year onward, demonstrating economic and statistical significance, along with a sense of persistence.
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Our Tobin’s Q regression estimates indicate that a surge of one standard deviation in Al standards can
boost firm value by up to 0.31 and 0.46 standard deviations in the second and third years respectively.
Collectively, this section signifies that the ripple effects of Al standards extend beyond the initial near-

term impacts, showcasing a compelling compound effect.

7 Conclusion

Standardization is an influential force in shaping innovation and business performance across various
sectors. However, its impact on emerging technologies such as Al is understudied. This paper aims
to bridge this gap by examining how Al standards shape corporate outcomes. In line with the adage,
‘Frameworks are akin to toothbrushes. Everyone needs one but prefers not to use another’s,” the stan-
dardization of Al is a painful yet vital task. It has multifaceted effects for businesses. On the one side,
standards offer a concrete roadmap for Al applications, lower the entry threshold for firms, diminish un-
certainty, boost compatibility among Al systems, and encourage beneficial network externalities. On the
other hand, Al standards enforcing restrictions or compliance to certain norms can curtail Al efficiency,
deplete investment, amplify market concentration, create entry barriers, impede radical innovation, and
disproportionately favor certain firms at the expense of others.

In this paper, we provide extensive evidence on the relationship between Al standards and Al as a
field, as well as empirical insights into how Al standards influence Al research and broader firm invest-
ments. Our findings suggest that the universal adoption of Al standards significantly impacts Al research
and development, as well as capital investment and R&D expenditure. Al standards leadership, partic-
ularly in the United States, spurs higher investment levels than countries with secretariats, like China
and Russia, or non-participating countries. The committee issuing Al standards also plays a vital role in
investment decisions, with certain committees prompting substantial investment growth while others

deter it. We further delve into the nature of Al standards by conducting a content analysis. Our results
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underscore the growing importance of machine learning, Al safety and accountability, programming
language, and big data standards. Standards related to machine learning, data interchange, and privacy
show significant effects on investment, while automation and machinery and equipment standards also
have positive impacts. These insights deepen our understanding of the repercussions of Al standardiza-
tion, underlining the necessity for careful development of Al standards to cultivate transparent, reliable,

and profitable outcomes.
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https://bit.ly/4ff0ahV

Table 2. AI-Relatedness of Al Standards: Correctly Identifying Al Contexts

This table presents summary statistics measuring the textual similarity of Al standards with six popular textbooks. It presents two similarity
measures: (1) based on strict word matching (Panel A) and (2) on fuzzy word matching (Panel B). To calculate these measures, we first
compile a list of unique words from each standard’s title. These word lists are then compared to the word list derived from the contents
section of a textbook, resulting in an individual similarity measure for each standard with the book. This process includes several steps.
First, we lemmatize both inputs and exclude words from the Cambridge Core Functional Words list (https://bit.1ly/4f£0ahV), as well
as numbers and terms such as ‘Part,’” ‘Vocabulary, and ‘Addendum.” In strict matching, we identify the number of unique words that
exist in both lists (i.e., with 100% Levenshtein similarity) as a percentage of the number of unique words in the standard’s title. In fuzzy
matching, we report the number of unique words with at least 80% similarity based on Levenshtein distance as a percentage of the number
of unique words in the standard’s title. All statistics are reported in percentage terms. The Al-Relatedness Score is based on Russell and
Norvig (2021), a widely-used textbook on Al The remaining relatedness scores are based on five well-known books, chosen because they
contain vocabulary similar to Al-related vocabulary but used in contexts less related to Al, as described in Section 4.1. These five books
are Gibbons (1992), Kosslyn and Rosenberg (2018), Budynas and Nisbett (2015), Cover and Thomas (2006), and Cormen et al. (2009), re-
spectively related to game theory, psychology, mechanical engineering, information theory, and non-ML (non-machine-learning) algorithms.

Panel A: Statistics on Strict Word Matching for Al Standards

N Mean Median SD P5 P95

Al-Relatedness Score 1,200 24.98 24.00 7.33 15.09 37.50
Game Theory-Relatedness Score 1,200 6.24 5.71 434 0.00 15.00
Psychology-Relatedness Score 1,200  8.15 7.39 446 270 16.67
Mechanical Engineering-Relatedness Score 1,200  13.53 13.17 6.61 257 25.00
Information Theory-Relatedness Score 1,200 11.85 10.27 6.50 455  25.00
Algorithms-Relatedness Score 1,200 12.41 11.76 543 513 2222

Panel B:Statistics on Fuzzy Word Matching for Al Standards

N Mean Median SD P5 P95

Al-Relatedness Score 1,200  40.12 39.43 8.58 26.67 54.42
Game Theory-Relatedness Score 1,200  8.83 8.30 503 2.07 17.90
Psychology-Relatedness Score 1,200 12.02 11.48 493 556 2143
Mechanical Engineering-Relatedness Score 1,200  21.23 20.55 7.57 952 3429
Information Theory-Relatedness Score 1,200 16.86 15.90 7.00 833 2857
Algorithms-Relatedness Score 1,200 20.12 19.40 7.70 9.03 33.33
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Table 3. Summary Statistics

This table presents summary statistics on our main variables of interest. Panel A examines Al innovator firms, based on Al research data
from the Emerging Technology Observatory (ETO). Log(Al Research; . ;), Log(CV Research; . ;), Log(NLP Research; . ;), and Log(Robotics
Research; . ;) represent the log of one plus the number of research papers in Al, computer vision, natural language processing, and robotics
written by employees of firm i from country c and published at global Al conferences in year ¢. Panel B presents statistics on financial outcome
variables from Worldscope. Both panels present statistics on the number of Al standards (in specific categories or overall) published in year ¢
under the secretariat of country ¢, where firm i is headquartered. These data are hand-collected based on Al-critical committees identified
by NIST in their report "U.S. Leadership in Al: A Plan for Federal Engagement in Developing Technical Standards and Related Tools," in
response to Executive Order (EO) 13859. %UNSC Members; . ;_1 is nonzero only for firms headquartered in permanent UN Security Council
member countries (the USA, France, and the UK), showing the percentage of rotating Security Council members under the secretariats of
these countries in year ¢-1. It is zero for all other firms and countries. Detailed variable descriptions are provided in Appendix Section B.

Panel A: Summary Statistics on Al Innovator Firms

N Mean Median SD P5 P95
Log(AI Research; . ;) 2,865 0.96 0.00 1.48  0.00 4.03
Log(CV Research; ¢ ) 2,865 0.51 0.00 1.10 0.00 3.04
Log(NLP Research; ¢ ;) 2,865 0.31 0.00 0.88 0.00 2.08
Log(Robotics Research; ¢ ;) 2,865 0.31 0.00 0.77  0.00 2.08
%UNSC Members; ¢ ;1 2,865 0.10 0.11 0.05  0.00 0.17
Log(Al Standards; . ;) 2,865 4.05 4.16 1.37 0.00 5.46
Log(Machine Learning Standards; . ) 2,865 2.25 2.40 0.80 0.00 3.04
Log(Data Standardsi'c,t) 2,865 3.35 3.95 1.65 0.00 5.35
Log(Ethics & Accountability Standards; ¢ ;) 2,865 0.50 0.69 0.53  0.00 1.10
Log(Automation Standards; . ;) 2,865 3.31 3.76 1.65 0.00 5.34
Log(Programming Standards; . ;) 2,865 2.14 2.30 0.97 0.00 3.43
Log(Interchange Standards; ;) 2,865 3.29 3.83 1.68 0.00 5.33
Log(Interoperability Standards; . ;) 2,865 1.53 1.95 0.72 0.00 2.08
Log(Privacy Standards; ;) 2,865 1.77 1.79 0.64  0.00 2.40
Log(Human Biometric Standards; ;) 2,865 1.73 1.79 0.64 0.00 2.40
Log(Multimedia Standards; . ;) 2,865 1.02 1.10 0.47 0.00 1.39
Log(oT Standards; ¢ ;) 2,865 0.41 0.00 0.62 0.00 1.61
Log(Machinery & Equipment Standards; ., ;) 2,865 1.09 1.10 0.92 0.00 2.71
Log(Unlabeled Standards; ¢ ;) 2,865 0.58 0.69 0.39  0.00 1.10

Panel B: Summary Statistics on All Firms

N Mean Median SD P5 P95

CAPEX/AT; ¢ 201,833  4.82 2.14 7.87  0.01 18.67
RD/AT; ¢t 77,563 5.31 2.11 10.38  0.04  22.17
Sales/AT; . ; 201,732 84.68 67.19 82.09 1.07  238.21
Log(BVA); ¢.r-1 201,701  2.95 2.95 013 275 316
CF/AT; ¢ r—1 201,762  -0.03 0.03 042  -0.29 0.17
Leverage; ¢ -1 199,149  0.25 0.18 0.33  0.00 0.64
ST Leverage; ¢ r—1 173,048 0.51 0.48 0.35 0.00 1.00
Log(Q); .t 185,455  0.95 0.80 047 0.48  1.86
Log(M/B); ¢ ¢ 185,557 0.69 0.55 0.55 0.09 1.77
Log(Age) i c.i1 199,357  2.48 2.71 0.82  0.69 3.56
Log(Committees); ¢ ;1 176,108  1.90 2.48 1.19  0.00 2.94
%UNSC Members; . ;1 187,632  0.02 0.00 0.04 0.00 0.1
Log(Al Standards); c ; 201,833 151 0.00 173  0.00  4.16
Log(Machine Learning Standards) it 201,833 0.73 0.00 1.10 0.00 3.00
Log(Data Standards); ¢ 201,833  0.55 0.00 123 0.00 3.95
Log(Ethics & Accountability Standards); ¢ 201,833  0.23 0.00 0.56 0.00 1.10
Log(Automation Standards); ¢, ; 201,833  0.42 0.00 1.20 0.00 3.76
Log(Programming Standards); . 201,833  0.73 0.00 1.10 0.00 2.77
Log(Interchange Standards); . 201,833  0.43 0.00 1.19 0.00 3.83
Log(Interoperability Standards); . ; 201,833  0.35 0.00 0.68  0.00 2.08
Log(Privacy Standards); . ; 201,833  0.34 0.00 0.70 0.00 2.08
Log(Human Biometric Standards); ¢ 201,833  0.37 0.00 0.71 0.00 2.08
Log(Multimedia Standards); ., ; 201,833  0.60 0.00 1.07 0.00 3.37
Log(IoT Standards); ¢ 201,833  0.14 0.00 0.44  0.00 1.61
Log(Machinery & Equipment Standards); ., 201,833  0.35 0.00 0.71  0.00 1.95
Log(Unlabeled Standards); ¢ 201,833  0.34 0.00 0.53 0.00 1.61
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Table 4. Effects of AI Standards on Firms’ AI Research Activities

This table presents our findings on the influence of Al standards on firms’ Al research activities, utilizing data from the Emerging Technology
Observatory (ETO). Log(AI Research; . ;), Log(CV Research; . ;), Log(NLP Research; . ;), and Log(Robotics Research; . ;) denote the natural
logarithm of one plus the number of research papers in Al, computer vision, natural language processing, and robotics, respectively, authored
by employees of firm i from country ¢ and published at global Al conferences in year 7. Panels A to D display results from second stage,
reduced form, first stage, and OLS regressions as specified in Section 5. Panel E presents the findings from our placebo test, where we
instrument the logged number of Al standards published by non-permanent UNSC members that were ISO secretariats—namely, Sweden,
Germany, India, Japan, Australia, and South Korea—using the percentage of UNSC rotating members under their secretariats. Panel F
displays the fixed effects structures applicable to all panels. Robust standard errors, two-way clustered at the year and industry (FF48) levels,
are reported in parentheses beneath the coefficients, with significance levels denoted as * x x (1%), ** (5%), and x (10%). In Panel A, we
report tF critical values for 5% and 10% level tests (1/cg.05(F) and /cg.10(F)) as in Lee et al. (2022) to further assess the significance of the
second stage coefficient estimates.

Panel A: Second-Stage Regressions on Al Research Outcomes

Log(AI Research; . ;) Log(CV Research; ;) Log(NLP Research; ;) Log(Robotics Research; . ;)
(Y] 2 3 4

Log(AI Standards; ;) 0.23** 0.22%%* 0.14** 0.18**
(4.34) (5.17) (2.95) (3.19)
Vc010(F) 1.89 1.89 1.89 1.89
V/€0.05(F) 2.79 2.79 2.79 2.79
Observations 2,865 2,865 2,865 2,865

Panel B: Reduced-Form Regressions on Al Research Outcomes

Log(AI Research; . ;)  Log(CV Research; ;) Log(NLP Research; ;) Log(Robotics Research; . ;)
1) 2) 3) 4)

% UNSC Members; ¢,1—1 3.67* 3.61% 2.25% 2.90%*

(3.58) (3.63) (3.16) (4.42)
Observations 2,865 2,865 2,865 2,865
R-squared 0.012 0.017 0.009 0.016

Panel C: First-Stage Regressions on Log(Al Standards; . ;)
M @) 3 4)

% UNSC Members; ¢ 11 16.27** 16.27** 16.27** 16.27**
(4.00) (4.00) (4.00) (4.00)

Observations 2,865 2,865 2,865 2,865

R-squared 0.501 0.501 0.501 0.501

Panel D: Ordinary Least Squares (OLS) Regressions on AI Research Outcomes

Log(AI Research; . ;)  Log(CV Research; ;) Log(NLP Research; ;) Log(Robotics Research; . ;)
M 2 3) 4)

Log(AI Standards; . ;) 0.15* 0.15** 0.07 0.10

(2.35) (3.80) (1.55) (1.33)
Observations 2,865 2,865 2,865 2,865
R-squared 0.012 0.016 0.005 0.010

Panel E: A Placebo Test Using UNSC Rotations as an Instrument for Non-UNSC Affiliated Nations

Log(AI Research; . ;)  Log(CV Research; ;) Log(NLP Research;.,) Log(Robotics Research; . ;)
1 2) (3) 4)

Log(Al Standardst'cebo) -0.01 0.01 -0.14 0.45

(-0.16) (0.10) (-0.84) (1.80)
Observations 2,865 2,865 2,865 2,865
R-squared 0.002 0.003 0.035 0.114

Panel F: Additional Information on Panels A, B, C, D, and E

(€] 2 3 4
Firm FE Yes Yes Yes Yes
Industry x Year FE Yes Yes Yes Yes
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Table 5. Effects of Al Standards on Capital and R&D Expenditures

This table presents our estimates of the local treatment effects of Al standards on capital and R&D expenditures using the 2SLS procedure
explained in Section 5. Our sampling period is from 2017 to 2022. The number of Al standards is instrumented with the % of UNSC members
in a given year under a given secretariat. The control variables included in the analysis are described as follows: Log(BVA; . ,1): The
logarithm of firm-level book value of assets at time ¢ — 1, representing the financial health of the firm.CF/AT; . ;_;: Cash flow scaled by total
assets at time ¢ — 1, indicating the firm’s liquidity position. Leverage; . ;—1: The leverage ratio of the firm at time ¢ — 1, measuring the extent
of debt financing. Log(Age; ¢ ;—1): The logarithm of the firm’s age at time ¢ - 1, capturing the maturity of the firm. Log(Committees; ¢ ;1):
The logarithm of the number of committees the firm is involved in at time 7 — 1, reflecting the firm’s level of engagement in standardization
activities. Detailed variable descriptions can be found in Appendix Section B. Our findings from reduced-form, first-stage and ordinary least
squares (OLS) regressions, and placebo tests are presented separately in Table 6. Coefficient estimates are reported in percentage terms and
marked with * % %, %%, and « indicate statistical significance at the 1%, 5%, and 10% levels, respectively. The standard errors are two-way
clustered at the country and industry (FF48) levels. We also report F-statistics for the excluded instrument from the first stage regressions and

tF critical values for 5% and 10% level tests (\/ €0.05(F) and \/ co.10(F)) as in Lee et al. (2022) to further assess the significance of the second
stage coefficient estimates.

CAPEXIAT;.; CAPEX/AT;., RDI/AT;., RDIAT;.;
1) (2) 3 4)

Log(AI Standards; ., ;) 0.48%** 0.50*** 1.86%** 1.65%+*
(4.65) (3.80) (9.46) (4.88)
Log(BVA; ¢ s-1) 45.84%** 44.99%*+ -6.34%%* -5.72%%*
(6.86) (6.90) (-3.04) (-3.65)
CF/AT; ¢ 11 =217 -2.18%* -5.91%* -5.88%**
(-11.82) (-11.06) (-8.61) (-8.43)
Leverage; ¢.r—1 -1.04 -0.94 2.45%** 2.46%**
(-0.92) (-0.85) (3.06) (3.03)
Log(Age; ¢ r-1) -2.84%** -2.74%** -3.89** -3.54**
(-5.26) (-5.26) (-2.10) (-2.11)
Log(Committees); ¢ ;1 -0.04 0.04 0.40 0.53
(-0.10) 0.11) (0.46) (0.63)
Fixed Effects
Firm Yes Yes Yes Yes
Year Yes No Yes No
Industry x Year No Yes No Yes
Observations 171,238 171,238 67,654 67,647
F-stat (Excl. Inst.) 66.10 63.68 97.02 93.12

V<o10F) 2.06 2.07 1.97 1.98
V<0.05(F) 3.26 3.28 3.05 3.06
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Table 6. Capital and R&D Expenditures: Reduced-form, First-stage, and Placebo Results

This table presents the outcomes of reduced-form, first-stage, and ordinary least squares regressions and our placebo tests to provide
additional evidence on the influence of Al standards on corporate investments. Panel A displays the reduced-form regression results
where the CAPEX/AT; ., and RD/AT; ., ratios are regressed on the lagged percentage of UNSC rotating members for each country.
Panel B presents the first-stage regression results on the natural logarithm of Al Standards (Log(Al Standards; . ;)), again using the lagged
percentage of UNSC members as the instrumental variable. Panel C reports the ordinary least squares (OLS) regression estimates, with
Log(Al Standards; . ;) as the key explanatory variable. Panel D displays our findings from our placebo test. We utilize the percentage of UNSC
rotating members under the secretariats of countries without permanent UNSC membership (e.g., Sweden, Germany, India, Japan, Australia,
and South Korea) as an instrument for their Al standardization efforts. We present second-stage coefficient estimates for the instrumented
variable, Log(AI Standardsf ifltcebo). Finally, Panel E delineates the control variables employed in the analyses across Panels A, B, C, and D,
each applied in corresponding specifications in their columns. Detailed variable descriptions can be found in Appendix Section B. Our
sampling period is from 2017 to 2022. Coefficient estimates are reported in percentage terms. The robust standard errors, two-way clustered
at the country and industry (FF48) levels, are reported in parentheses under the coefficients, and significance levels are marked as *x x x (1%),
** (5%), and x (10%).

Panel A: Reduced-Form Regressions on Corporate Qutcomes

CAPEX/AT;.; CAPEX/AT;., RDI/AT;; RD/AT; ¢,
1) (2) (3) (4)
9% UNSC Members; ;1 7.08%* 7.33%%* 27.54% 2457
(4.33) (3.57) (13.50) (5.18)
Observations 171,238 171,238 67,654 67,647
R-squared 0.029 0.028 0.134 0.126

Panel B: First-Stage Regressions on Log(Al Standards; . ;)

1 2) (3) 4)
% UNSC Members; ¢ 11 14.64*** 14.63*** 14.80*** 14.85%**
(8.13) (7.98) (9.85) (9.65)
Observations 171,238 171,238 67,654 67,647
R-squared 0.343 0.339 0.334 0.331

Panel C: Ordinary Least Squares (OLS) Regressions on Corporate Outcomes

CAPEX/AT;.; CAPEXI/AT;.; RDIAT; RD/AT; ¢ ¢
1) (2) (3) (4)
Log(AI Standardsi’c't) 0.35%** 0.35%** 0.84%** 0.74**
(4.08) (3.67) (2.86) (2.52)
Observations 171,238 171,238 67,654 67,647
R-squared 0.029 0.028 0.132 0.125

Panel D: A Placebo Test Using UNSC Rotations as an Instrument for Non-UNSC Affiliated Nations

CAPEX/AT;., CAPEX/AT;., RDIAT;; RDIAT; ¢
- 1) (2) (3) (4)
Log(AI Smndardsﬁiflfeh") 0.27 0.06 0.23 -0.54
(0.41) (0.06) (0.13) (-0.56)
Observations 171,238 171,238 67,654 67,647
R-squared 0.029 0.027 0.131 0.117

Panel E: Explanatory Variables for Panels A, B, C, and D
(1) (2) (3) (4)

Table 5 Controls Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes
Year FE Yes No Yes No
Industry x Year FE No Yes No Yes
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Table 10. Effects of AI Standards on Firm Valuation

This table presents our estimates for the local treatment effects of Al standards on logged future Tobin’s Q and M/B ratios using our 2SLS
procedure explained in Section 5. Our sampling period is from 2017 to 2022. The control variables incorporated in this analysis align with
those in Table 5, with the exclusion of the book value of assets and cash flow variables, as they can function as mediators of Al standards in
the event dynamics. Detailed variable descriptions can be found in Appendix Section B. Our findings from reduced-form, first-stage and
ordinary least squares (OLS) regressions, and placebo tests are available upon request. Coefficient estimates are reported in percentage
terms and marked with * x x, xx, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively. The standard errors
are two-way clustered at the country and industry (FF48) levels. We also report F-statistics for the excluded instrument from the first-stage
regressions and tF critical values for 5% and 10% level tests (1/co.05(F) and v/cp.10(F)) as in Lee et al. (2022) to further assess the significance
of the second-stage coefficient estimates.

Log(M/Bjc,r+1) LogM/Bjc 1)  LogQicr+1)  LOgQjcr41)
1 2 3) 4

Log(AI Standards; ., ;) 3.67% 2.84%* 3.60%** 3.08%*
(2.25) (2.08) (2.93) (2.74)
Controls Yes Yes Yes Yes
Fixed Effects
Firm Yes Yes Yes Yes
Year Yes No Yes No
Industry x Year No Yes No Yes
Observations 134,353 134,352 134,252 134,251
F-stat (Excl. Inst.) 66.10 63.68 97.02 93.12
v/ €o.10(F) 2.14 2.15 2.13 2.15
v/ €o.05(F) 3.47 3.48 3.44 3.48
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Figure 1. Yearly Publication of Standards by ISO Secretariats

This figure presents the annual publication count of Al standards by each secretariat, alongside their Al relatedness determined through textual similarity to Al concepts. The data are
hand-collected from the report “U.S. Leadership in Al: A Plan for Federal Engagement in Developing Technical Standards and Related Tools” by the National Institute of Standards and
Technology (NIST), in response to Executive Order (EO) 13859. The horizontal axis represents the years in chronological order, while the left vertical axis indicates the number of published Al
standards, with each secretariat distinguished by color. The right vertical axis displays Al similarity scores, derived from both strict and fuzzy string matching methods. To obtain these scores,
we compare the titles of all published Al standards against the contents section of Russell and Norvig (2021). Annual word lists from these titles are compared to a word list from Russell
and Norvig (2021) after lemmatization and the exclusion of functional words, numbers, and specific terms. Strict matching identifies words present in both lists, indicating 100% similarity,
whereas fuzzy matching selects words with at least 80% similarity based on Levenshtein distance. We report the percentage of words in the contents section of Russell and Norvig (2021) that
match the language of the standards using the strict and fuzzy matching strategies described above.
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Figure 2. Power Spheres: Standards by Each Secretariat

This circle pack figure visually represents the number of standards published under each scope for each secretariat, covering the sampling
period from 1972 to 2022. The sizes of the circles correspond to the numbers of standards published, providing a visual representation of the
relative volume of standards within each scope. To save space, the names of secretariats are presented in ISO-2 format, and the number of
circles is limited for better readability. Each secretariat is labeled in distinct colors.
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SW (30)

AU (42)

UK (480)
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Figure 3. ISO Committee and Secretariat Involvement by Country

The world map provides a visualization of countries’ involvement in ISO committees and secretariat roles from 2017 to 2023. Using distinct color gradients, each country is painted to indicate
the number of secretariat and committee years. The two-dimensional figure on the right side presents the distribution of secretariat and committee years. It uses a color-coded system to
categorize countries based on the combination of their involvement. Countries without ISO involvement are shown in white.
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Figure 4. The Rise of Al Standards

The figure illustrates the types of Al standards published by secretariats within the ISO. We use categories introduced in Section 4.1 with minor modifications for better fit. Machine Learning
includes standards that pertain to different aspects of machine learning, such as artificial intelligence, learning algorithms, natural language processing, fuzzy logic, neural networks,
decision-making processes, semantic analysis, training methodologies, and speech and image recognition. Safety and Accountability focus on issues of accountability, governance, safety,
ethics, robustness, security, and societal impact concerning Al systems and technologies. Data comprises standards related to data management, processing, and analytics, covering
areas such as data governance, data privacy, data security, data exchange, data interoperability, and data quality assurance. We exclude machine learning standards from data standards.
Programming Languages encompasses standards related to programming languages, software development practices, program design, software quality assurance, and specific programming
languages like SQL, Pascal, BASIC, Linux, C#, Java, C++, and Python. Interoperability covers standards addressing interoperability, compatibility, and connectivity between Al systems, as
well as integration with other technologies, including the Internet of Things (IoT), digital twins, internet protocols, and IoT connectivity standards. Interchange denotes standards related to
the interchange or exchange of data, including data formats, data protocols, and data representation standards. Automation includes standards associated with automation technologies,
addressing aspects like automated decision-making, process automation, and the integration of Al systems into automated workflows. We exclude machine learning standards from
automation standards. Standards under Privacy are on privacy protection, cybersecurity, secure data handling, biometric data privacy, human rights considerations, and ensuring the
privacy of personal information within Al systems. The Unlabelled category represents standards that do not fall into any of the specific types mentioned above along with Human-related
and Graphics, which are not plotted to save space. Human-related includes standards addressing human-related aspects of Al, such as biometrics, human-machine interaction, genomics,
and ethical considerations related to the impact of Al on individuals and society. Graphics concern graphics, visualization, multimedia technologies, audio and video encoding, and media
formats. Detailed descriptions are presented in Appendix Section B.
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Figure 5. Effect Dynamics Based on Valuation Regressions

This figure displays estimates for the local average treatment effects (LATE) on Logged Tobin’s Q and M/B during the event time of Al standards
implementation. The LATE estimates are derived following our base regression models, where the dependent variables are Logged Tobin's Q
and M/B from one year before ("Pre-Publication") to three years after Al standardization ("3 Years After Publication"). Each x-axis label
corresponds to the LATE derived from a different 2SLS regression. The coefficient estimates are in percentage terms. The figure also outlines
the 95% confidence intervals for these estimates. For details on our instrumental variable approach, please refer to Section 6.4.
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A Theory

To illustrate how Al standards affect firm investment, we introduce a stylized model featuring investment under

uncertainty.

A.1 Model Setup

Firm Investment Consider one firm with an infinite horizon. Time is discrete. In each period ¢, the firm decides
on its Al-related investment, which may include the R&D investment to install and/or improve the Al applica-
tion/system. There are N domains of Al investment that are accessible to the firm. Examples of Al domains are
voice recognition, computer vision, robotics, etc. Within each domain, there are two competing types of Al tech-
nologies the firm can invest in, type A and type B. The capital stock of domain-n, type-i Al technology at the end of
period ¢ is denoted as Alf'i, nef{l,2,..., N}, for i = A, B. Denote the total Al factor as

N
ALz Y (SPARALY + 5B FALP?) ®)
n=1

is the summation of Al factors across N domains. Within each domain #, the Al factor is the summation across the
two competing technologies, where 5;” = 0 is the (potentially random) productivity of technology i within domain
n; F(-) > 0 is strictly increasing, concave, and satisfies Inada condition that F(0) = 0, F'(0) = co and F’(c0) = 0.

To produce the output of the firm, the Al factor needs to be combined with two other input factors, namely,
physical capital K; and data. The firm adjusts the physical capital K; through choosing the capital expenditure at the
start of each period. Let D be the hypothetical data pool accessible to the firm, absence of any privacy restrictions
(e.g., constraints on data collection and data sharing). To focus on the investment in Al and physical capital, we
abstract away from the investment in data and instead, assume the firm takes D as given.

The firm’s production function in each period ¢ is
Y; = AI®K} " *D(1 - 1,), (6)

where « € (0,1) and 7, € [0,1). The (potentially random) variable 7, embodies the prevailing limitations on data
privacy. As the restrictions on data privacy increase, the actual data pool accessible to a firm shrinks, either due
to reduced data collection or diminished data sharing. In addition, 7; captures the constraining effect of ethical Al
requirements on the productivity of Al technologies, as the focus on ethical considerations may limit the scope of
automation and the speed of decision-making processes.

Observe that the three input factors enter the production function through a multiplicative structure. This is
motivated by the fact that the three factors are complements of each other, as an increase in one factor boosts the
marginal product of another. To start with, Al investment complements physical investment in property, plant,
and equipment (PP&E), as Al is commonly regarded as the technology that may lead to the fourth industrial rev-
olution, i.e., Industry 4.0 (Peres et al., 2020). A more advanced Al technology has the potential to make machines
and equipment significantly more productive, thereby increasing the return of investment in PP&E. Moreover, Al
complements data, as more investment in Al advances the Al technology, enabling the firm to utilize its data more
efficiently; meanwhile, a bigger data pool helps to train and improve the Al algorithms, empowering the algorithms
(O’Leary, 2013).

At the start of each period, the firm decides and makes the investment on all types of Al investments and phys-

ical investment. Both types of investment are partially irreversible in the sense that disinvestment is costly. Given
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investment I in Al-domain n and type i, the cost of investment is CI,(I) = I if I = 0 (positive investment), and
CI,(I) = C"Iif I < 0 (disinvestment), with C" € (0,1). That is, only a fraction C" of disinvestment amount can be
salvaged. Similarly, the investment cost for physical investment K is that CIx () = [if I =0, and CIx(I) = cKrifr<o,
with CX € (0,1). The partially irreversible feature of investment aligns with the vast body of literature on real options
following Dixit and Pindyck (1994) and is motivated by the significant cost of disinvestment (e.g., due to fire-sales).

The firm’s investment problem in each period j = 1is

) N
max EY BTYHAIIK! DU -%)- Y. (CLU3) + CL,(I4E)) - ClIx Ik, 0}
Wy eI 1= n=1 ’ ’

N
s.t.(Al factor) AI; = ) (5?’AF(AI;1'A) + 5?'BF(AI;1'B))

n=1
(capital dynamics) AI/"' = AI" + It/ , fori=A,B,n€{1,2,..,N}. @)
K[ :K[_l +IK,[.
. I ifI=0 I ifI=0
(costly disinvestment) CI,(I) = Clx() =
C"I ifI<0 cKr ifr<o

where S € (0,1) is the discount factor, and the initial capital stock is Alg’i =Ky=0,fori=A B, ne(l,2,..Np.Y

Al-Related Standards The firm’s investment decisions are crucially influenced by the future publications of Al-
related standards. We assume that the firm expects an event with potential Al-standards publication to arrive on a
random future period, period T. For simplicity, the arrival can happen at most once. The publication event follows
Poisson arrival. That is, for any period ¢ prior to which the arrival has occurred, the likelihood of the publication
event happening within that period is A € [0,1]. Without loss of generality, we assume the publication event takes
place at the end of period T, after period T investment has been made and period T profit has been realized. That
is, the publication of standards affects the production in period T + 1 and onwards.

Conditional on the arrival of the event, the type of standards potentially published is random. With probability
7 € (0,1), only technological standards are potentially published, while with probability 1—-7, only privacy and ethical
standards can be published.*® The publication of Al standards alters the economic environment the firm faces,

depending on the nature of the standards.

Technological Al Standards Suppose the standards that are published are technological Al standards, which may
specify the recommended “foundation and architecture” as well as the “best practices” of Al technologies. The pub-
lication of such standards narrows the future paths of Al development by endorsing a subset of Al technology paths
over other competing ones. We model this effect by assuming that if a technological standard pertaining AT domain
n is published, then one of the two Al technologies in domain 7 is endorsed by the standard. Consequently, after
the publication, the productivity of the endorsed technology increases relative to the pre-publication level, while the
productivity of the unendorsed type decreases relative to the pre-publication level. This bifurcation of productivity is

due to the network effect. That is, a positive feedback loop occurs to the standard-endorsed technology, as the wider

47For simplicity, we assume zero depreciation rate. The qualitative results hold as long as the depreciation rate is not too high.

48For simplicity, we do not consider the simultaneous publications of both technological and ethical standards within the event. The reason
is to highlight the fundamental differences in how these two types of standards affect productivity. This separate analysis is also aligned with
our empirical analysis in Table 8 and 9, where we separately consider the impact of technological and ethical/privacy standards publication
on firm investment.
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adoption of the technology after the standard publication induces more systems and applications being developed
to be compatible with it. This enhanced interoperability feeds back positively into the attractiveness of using this
technology. On the contrary, a negative loop occurs with the technology not endorsed, as standards publication
results in a smaller user base.

To capture the effect of the publication of technological Al standards, we assume that conditional on (1) the
arrival of a publication event in period T and (2) only technological standards can be published, domain n of Al
technology sees a standard publication with probability g € (0,1). The publication of Al standards across domains
are independent and identically distributed. Denote m € {0,1,2, ..., N} as the realized number of total technological
standards published. Higher m implies that more domains of Al technologies have standards published.

To characterize the bifurcation of productivity within domain 7, we assume the productivity before the pub-
lication of standards is constant over time, that is, Ef'A = 5?'3 =s" >0, for t = T, where T denotes the random
publication period. There is a divergence in productivity between the two technologies after the publication. With

probability p™4 € (0,1), type- A is endorsed by the standard, so (574, 5"%) = (57, 5™, for all ¢ > T; while with proba-

bility p"8 = 1 - p™4, type-B is endorsed, so (5?"4, §f’B) =(s",5"), forall t > T. Here we assume 0 < 5" < s < §".

Privacy and Ethical Al Standard In the scenario where only privacy and ethical standards are potentially pub-
lished, the publication of such standards can constrain the firm’s overall productivity with Al, physical capital, and
data by specifying requirements of data privacy and ethical Al algorithms. These restrictions shrink the firm’s data
pool and limit the scope of Al applications, as certain practices previously employed to maximize efficiency might no
longer be permissible under new privacy and ethics rules. The publication of such standards enhances the enforce-
ability of the ethical restrictions by making these concepts more tangible and providing a framework for shaping
future government policies.

To capture the constraining effects of privacy and ethical Al standards, we normalize the pre-publication level of
7;=0forall t < T and the post-publication level to be 7(m,) € (0, 1), where m, € {0, 1,2, ..., N} is the realized number
of total privacy/ethical standards published. Higher m, implies that more and stronger constraints have been im-
posed on Al technologies and data in general. The variable 7(m,) is assumed to be strictly increasing in m,, implying
that more ethical/privacy standards published lead to a larger overall drop in firm productivity. Conditional on (1)
the arrival of the publication event in period T and (2) only privacy/ethical standards can be published, m, follows
Binomial distribution with N, possible candidate standards for publication, each being published with probability
ge€ (0,1).

Standards and Firm Investment In this setting, there are several forces affecting how investment responses to
standard publications. First, the firm cannot predict which technology will be endorsed by technological standards
or how restrictive privacy/ethical standards will be. Therefore, the option value of delaying its partially irreversible
investment drives the firm to wait until the publication of standards resolves this uncertainty. This consideration
tends to increase the post-publication investment above its pre-publication levels.

Second, beyond the uncertainty resolution effect, the publication of standards can lead to productivity shocks
relative to the pre-publication levels, affecting the optimal capital stock. This impact varies depending on whether
the standards are privacy/ethical or technological, and for technological standards, whether the investment is in
endorsed or unendorsed technology.

Privacy/ethical standards typically reduce productivity below the pre-publication levels, leading to disinvest-
ment that lowers the capital stock. This counters the investment-boosting effect of uncertainty resolution. When

even the most benign restrictions imposed by such standards are sufficiently strict, this investment-deterrence ef-
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Appendix Figure Al. Intuition: Standards Publication and Investment
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e
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fect dominates the investment-boosting effect of uncertainty resolution, leading to strictly negative investments
post-publication. Furthermore, the publication of more such standards lead to stronger restrictions, resulting in
even larger post-publication disinvestment.

Technological standards, on the other hand, increase productivity for the endorsed Al technology. This in turn
results in positive post-publication investment, which is aligned with the uncertainty resolution effect. Conversely,
productivity decreases for the unendorsed technology, which tends to induce disinvestment and opposes the uncer-
tainty resolution effect. However, the overall effect on investment remains positive due to the partial irreversibility
of investment, that is, there is no adjustment cost for positive investment in the endorsed technology but a cost
for disinvestment for the unendorsed technology. Thus, the investment-boosting effect on the endorsed technol-
ogy dominates, and the total investment increases post-publication of technological standards. Furthermore, more
technological standards publications resolve more uncertainties and generate positive productivity shocks in more
Al domains, potentially boosting post-publication investment even further.

Figure Al illustrates the varies forces discussed above. The next proposition formalizes these insights. Denote

the net total Al investment in period T + 1, across all domains and types of Al technologies, as

N
_ n,A n,B
Lar+1 = Zl (La a1+ Lar 1), (8)
n=

where T is the period with standard publications. That is, this term is the total Al investment one-period immediately

after the publication.

Proposition 1 (Investment and Standards Publication). (i) Consider the scenario where only technological standards
can be published. There exists [ € (0,1), such that when s™/s" = [ foralln =1,2, ..., N, the firm's net total Al investment
post-publication, 151,141, as defined in (8), is strictly positive. In addition, 141 T+1 increases in the total number of
technological standards published, m. The same argument holds for the firm's post-publication capital expenditure
investment, Ix 7+1.

(ii) Consider the scenario where only privacylethical standards can be published. There exists T € (0,1), such that when
T(me) = 7 for all me = 1,2,..., Ng, the firm’s net total Al investment 141 T4+1 post-publication is strictly negative. In

addition, 151 7+ decreases in the total number of privacylethical standards published, m.. The same argument holds
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for the firm’s post-publication capital expenditure investment, Ix 741.

We use the following example to illustrate the equilibrium. Suppose there are two domains of Al, each hosting
two types of Al technologies. Therefore, there are only two potential technological standards that can be published
(N = 2). Also, suppose there are two potential privacy/ethical standards that can be published (N, = 2). Let the
probability of each standard being published be g = g, = 1/2. Let 7(0) = 0, (1) = 0.35, and 7(2) = 0.7. Assume full
symmetry between and within domains, thatis, s* =1,§"=h=1.2,5"=1=0.8,C" = CK = C=0.75,and p** = 1/2,
for all n. Lastly, let 1 = 0.9, a =1/2, § = 0.8, and D = 1. For simplicity, assume A — 1 (but still A < 1), that is, the
probability of publication event will arrive is very high.

Suppose the publication event occurs at period 9. Figure A2 plots the equilibrium investment in period 10, which
is the period immediately after the publication event. Consistent with Proposition 1, if the standards published
are technological standards, then both the Al investment I4;,19 and physical investment Ix,;o after publication are
strictly higher than zero, which is the pre-publication level in period 9. In addition, both I4;19 and Ik,10 increase in
the number of standards published. As the number of technological standards published increases from one to two,
Ia110 increases from 14.2 to 15.2, while Ik ;0 increases from 27.3 to 29.1. On the contrary, if the standards published
are privacy and ethical standards, both the Al investment 45,19 and physical investment Ik 1o after publication are
strictly lower than zero, the pre-publication investment level. In addition, both 145109 and Ik,;0 decrease in the num-
ber of standards published. As the number of privacy and ethical standards published increases from one to two,
Ia1,10 decreases from -3.9 to -24.9, while Ik 1o decreases from -8.5 to -50.6.

Next, we decompose the total Al investment plotted in Figure A2 into investment regarding individual Al tech-
nologies. Consider first the scenario where only one technological standard is published. In period 10, the endorsed
Al technology receives an investment of 7.6, the unendorsed Al technology within the same domain receives an
investment of zero, while the two Al technologies within the domain that has no standard publication receive an
investment of 3.3. Next, consider the case where both domains see publications of technological standards. In pe-
riod 10, the endorsed Al technology receives an investment of 7.6, while the unendorsed Al technology within the
same domain receives an investment of zero. Lastly, if privacy/ethical standards are published, each Al technology
receives a negative investment of -1.0 (-6.2) if one standard is (two standards are) published.

Lastly, Figure A3 plots the time series of investment to further highlight the change in investment pre- and post-
publication. Panel (a) shows that if there is publication of one technological standard in, for example, Domain 1,
then the Al-investments are zero from period 2 to period 9 (i.e., before publication) and from period 11 onwards. In
the period 10, which is the period right after publication, the endorsed technology A (represented by the solid line)
receives a positive investment of 7.6, while the unendorsed investment (represented by the dashed line) receives zero
investment. Panel (b) shows that the pattern of the physical investment is similar to that of the endorsed technology.
Panel (c) shows that if there is publication of one privacy/ethical standard, then the Al-investments are zero from
period 2 to period 9 and from period 11 onwards. In the period 10, each Al technology receives a negative investment

of -1.0. Panel (d) shows that a similar pattern happens to the physical investment.*?

49t the pre-publication investment level, we exclude the first period when the firm establishes its capital stock. This is because the initial
period is empirically less relevant compared to other pre-publication periods, as it occurs less frequently.
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Appendix Figure A2. Pre- and Post-Publication Investment and the Number of Standards Published
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Appendix Figure A3. Investment over Time

(a) Al Investment: One Tech Standard Published

(b) Physical Investment: One Tech Standard Published
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A.2 Mathematical Proofs
Proof of Proposition 1

Proof. First, consider the continuation decision problem in period T + 1, when either a subset .4 < {1,..., N} of tech
standards are endorsed at the end of period T, or T; increases to 7. Due to symmetry, we analyze only the case where

A technology is endorsed for every n € .4 . The problem writes:

a

KD -1 =Y A - AT - Kk - Kimn) |,

n,j

max i ’BI—T—I ((Z gn,]F(AI:lr])

(AL K} t=T+1 n,j

where §»/ =5"if j=Aand ne 4, §" =s"if j=Bandne 4,5 =s"ifn¢ M Moreover, c:l’j is the subgradient
wrt. AL at AT, with ¢ = 1if AT > AT, ¢ = € e 0,1) if AL < AL and ¢ € [C7,11if AL} = AT,
Similarly, ct € [CK 1] is the subgradient w.r.t. K;. Denoting Al; =}, j SMIF(AI tn ' ), the first-order conditions w.r.t.

AI™ and K, read:

— Bl = DA-DasFALM)AISTIK] T, €)
cK-pck, = DU-D(1-a)AI’K;“. (10)
Let:
i 1- —_n i c™(1 -
AI?JE(FI)—I - ﬁ — i AI’;JE(FI)—I ~( - ﬁ) — ’ (11)
= D( - T1)asmi AI® 1K} DA -T7)asmi AIY 1K}
].—ﬁ -1l/a _ CK(I—IB) -l
K,= a . Ki= = (12)
D(1-7)(1-a)Al] D(1-7)(1-a)Al]
IfAI?+]1>AIn]butAI:l+1] <AI 2 for some (n, j) # (n', ), then cHl—land ctJrl C" and (9) implies:
AL opey e -pery | SWPALY)  sUEALY)
s FIAI™y c? —pemd T T e s prar™y s Eary
a contradiction. Therefore, AIZZ +]1 > Al ] implies AIt 1 AI;1 ’ , and similarly, AI, +]1 < Al mJ implies AIt 1 <

AT
Next, if A" : +1 > Al ™J for some (n,j), then Kt+1 < K; will lead to a contradiction with a similar argument to the
previous paragraph. Moreover, if K;; > Ky, then ct +1 =1and Ct 1 = 1, and (9) and (10) imply:

ﬁcr+1 < t+1 ﬁct+2
(Ct _ﬁct+1)T t+l IBCHZ)i

= (DA-D)eal-a) '« FAIM) <(DA-1)7a - a)aF(AI’”),

(DA -1)ral-a) = F'AIM) =

a contradiction. Therefore, we must have K;,; = K;. Symmetrically, one can show that Al :l +]1 < AIl> nJ also implies
K1 =K.

Suppose Al . > Al mJ for some (n, j), then ¢ ni 1, AI"] AI?’j for all (n, j), and K;4+1 = K;. From (9), we have

t+1 t+1 t+1 7
c, +1 - ﬁct 15 < ct - ,Bch]l, which leads to c;l +]2 < C", a contradiction. Similarly, AT ;l +]1 <AI, ™/ leads to a contradiction.
Therefore, AIIZJ1 AI:I J for all (n, J)- Applying the same logic to (10), we also conclude K = K;.
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In summary, after period T, AI, mJ and K; remain constant for all (n, j). With the definition of c and ct , (9) and

(10) imply A" Alr.q and K741 as solution to the following system:

T+1’
arply = max{min{ary/ a1zl AL g, (13)
Kri1 = ma-x{min{KT»ET+l}rKT+1}; (14)
Alry, = Z§”1F(AIT+1) (15)
n,j

Due to path dependence, we also need to study the properties of Al ;’j and Kr, right before the announcement.

Consider the problem in period 1, where the firm started with no capital:
max Y (BA- )" 1((2 S"F(AL" 1)) K D=Y A — AT - Kk, - Kioy)
ALY Kidinj =1 n.j

+BAW ({Altn’j}n,j,Kt) )

where W ({AI ;1 Iy nj» KI) is the expected continuation value if the announcement arrives at the end of period ¢. The

first-order conditions w.r.t. Al :l " and K; read:

—BU-Ncl ~ BAECE! = Das"F/(AIM)AIE 'K}, (16)
—ﬁ(l—A)cm—m[Ecm = D(-a)AI*K;“. (17)

With the same logic as before, one can show that Al [" "/ and K; must be constants until after the announcement
period T. Because the firm starts with no capital, it has to be the case that c:l’] = cf =1forall t < T. The constants
satisfy:

: 1-f+pA0-Ech))
AI;J — (F/)—l ﬁ ﬁ : 1T+l , (18)
Das™AIf™ K~
1-f+pA0-EcK )\
Kr , (19)
D( - a)AI?
Aly = Y s"F(AI})). (20)

n,j

Now consider the change of capital stocks from period T to T +1, after a set .4 of technology standards are pub-
lished but no ethical standard published (z = 0). Suppose Alry = Alr, then Ky > Kp o > Ky, ALY A=A

T41 = 2L >
Al T 4 and AIT+1 > AI B for ne u prov1ded = > C", AI;il = AIT’i1 > AI;’] for n ¢ 4, j = A B. Therefore,

Algy4, > Alr, a contradiction. Suppose instead Alr.; < Al7, then there exists (n, j) such that E’}jl < AI™ , which

KT+1

L K .
implies Ao < ﬁ — by (11). However, (12) requires that - KT“ > s > Ko acontradlctlon. Therefore, we must have

A11 Alr’

Kr, K . ,A —n,B ,B
Al > AIT and KT+1 = Ky,, > Kr. This means /- = Z1 > ﬁ As aresult AITY, > ALY and Al > Al

forne.s, ALy > ALY forne 4, j= AB. Therefore, Y ALY >X, ALY andKT+1>KT.

Alternatively, consider the change of capital stocks from period T to T +1, after a number of ethical standards are

published but no technological standard published (5" = s” for all n, j). Suppose Al7,; = Alr, then K741 < K741 <

Krfort>(1- CK)%, and AI?fl E’;’fl < AI”'B for all n, j, when 7 > (1 — C”)lﬁtﬁﬁ% Therefore,

Al7y4 < Alt, a contradiction. Suppose instead Alr.; > Alr, then there exists (n, j) such that Al T’il > Al . , which
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KT+1 Kri < Ko

implies Kre) - > 4 by (11). However, (12) requires that — a contradiction. Therefore, we must have

Alr, < any < Al
Alry < AIT and KT+1 Kri1 < KT This means IfITT“ = ff:l < KT . As a result, AIT’JZl m’}il < AI;’] forall n, j.
Therefore, 3., ; AI;JZl <Xnj AI Jand K741 < K7.

Next, consider the comparative statics on the set .#, i.e., the effect of adding n* to .# on capital stocks in period
T + 1. Holding all §/ fixed except that § 4 = 3" > " and §"°B = s € (C"s",s""). From the previous para-

graph we know that with any realized #, K41 = K, Al A = AT and AI™B = max{AI™P Aly By for ne.,

T+1 —T+1 T+1 T+1’
AIMA =A™

r = Al T“ does not change with the addition of n*. Then, AI" T+1 strlctly

forne¢ 4, j=AB.In partlcular,

* B
Al before the inclu-

sion. AI , remains unchanged for n ¢ .4 . As aresult, }_,, AL ; Jf , and Kt both strictly increase with the inclusion

. B
increases, AI B remains unchanged because Al 7.1 after the inclusion of n* is higher than AI'"

of n*.
Finally, consider the comparatlve statics on 7. With an increase in 7, suppose Al T +1 strlctly increases for some
(n,j). Then AIT+1

to (15). Also, AT“ must strictly increase according to (11) and (13). Since (12) implies that 3 T” and KT“ both

and Ay, T +1 must strictly increase for all (n, j), and as a result, Al strlctly increases according

Kyt decreases a contradiction. Therefore, AIT‘+]1 decreases and

Kri decreases from (12) and (14). O

decrease, an

B Data Description

B.1 Financial Variables

In this section, we define financial variables in Panel B of Table 3, where are derived using data from Worldscope.
CAPEX/AT refers to the capital expenditures to total assets ratio, calculated as the ratio of capital expenditures to
lagged total assets (ITEM4601/L.ITEM2999), and it’s presented in percentage terms. RD/AT is the R&D expendi-
tures to total assets ratio, calculated as the ratio of R&D expenditures to lagged total assets ITEM1201/L.ITEM2999),
and it’s presented in percentage terms. Sales/AT denotes the proportion of sales to lagged book value of assets
(ITEM1001/L.ITEM2999), and it’s presented in percentage terms. Log(BVA) represents the logarithm of the book
value of assets (ITEM2999). CF2AT (NI/BVA) indicates the cash flow to total assets ratio, calculated as the ratio of
net income to business value added (NI/L.ITEM2999). Leverage refers to the leverage ratio, calculated as the ratio
of debt to lagged total assets (ITEM3255/L.ITEM2999). ST Leverage denotes the short-term leverage ratio, repre-
senting the proportion of short-term debt in relation to the sum of short-term debt and long-term debt (ITEM3051/
(ITEM3051+ITEM3251)). To ensure data quality, we excluded rows with return on equality values below -100%, firms
with less than five observations, countries with less than 250 observations, and Fama French 48 industries catego-
rized as "Other (48)". We winsorize all variables at 2% levels and report summary statistics on rows with non-missing
CAPEX/AT values.

B.2 ISO Committee and UNSC Related Variables

Log(Committees) refers to the natural logarithm of the number of ISO committees that a country is a member of
in a given year for each firm. It represents the level of participation and involvement of a firm in ISO committees,
which are international standardization bodies. % UNSC Members; ;-1 is the percentage of UNSC members in the
year t-1 within the secretariats of permanent UNSC member country c¢. To calculate the ratio, we divide the total
number of rotating UNSC members across the committees under the secretariat of country c in a given year by the
total number of committee members under the same secretariat in that year. We assign this percentage value to all

firms i headquartered in country c. It therefore measures the percentage of ISO members in the secretariats of the
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United States, the United Kingdom, and France for a specific year. However, it is equal to zero for all other countries

in the Worldscope universe. We manually collect this data from the UNSC website.

B.3 Variables on Standard Types

Log(AI Standards) denotes the logged number of Al standards published under the secretariat of a given country
and year, and it’s equal to zero for countries without secretariats. The remaining variables denote the number of
standards published by a given country’s secretariat in a given year, categorized based on their standard titles in

lowercase. Machine Learning Standards refer to the standards which contain any of the following terms related to

nons n.n

machine learning in their titles: “algo”, "code", "decision", "fuzzy", "image", "intelligence", "language", "learning",

non n.n non nn non "non non

"logic", "neural", "processing", "probabi", "recognition", "robot", "semantic", "speech", "training", "vision". Data

Standards refer to the standards which contain the term “data" in their titles but do not contain terms associated

with machine learning. Ethics & Accountability Standards refer to the standards which contain any of the following

non non non

terms related to accountability in their titles: “accountability”, "ethic", "governance", "robustness", "safety", "secu-

n n

rity", "societal". Automation Standards refer to the standards which contain the term “automation"” in their titles

but do not contain terms associated with machine learning. Programming Standards refer to the standards which

H n

contain any of the following terms related to programming in their titles: “basic", "c#", "c++", "java", "language",

non non

"linux", "pascal", "program", "programming", "python", "software", "sql". Interchange Standards refer to the stan-

dards which contain any of the following terms related to interchange in their titles: “exchange”, "interchange".

Interoperability Standards refer to the standards which contain any of the following terms related to interoperabil-

n n n "

ity in their titles: “compatib", "connectiv", "Internet", "IoT", "of things", "opera", "twin". Privacy Standards refer

to the standards which contain any of the following terms related to privacy in their titles: “biomet", "children",

n n n n

"cybersecurity", "human", "private", "privacy". Human Biometric Standards refer to the standards which contain

non

any of the following terms related to humans in their titles: “biomet", "genom", "human". Multimedia Standards

nn

refer to the standards which contain any of the following terms related to graphics in their titles: “acoust”, "audio”,

non non non non

"graphic”, "media", "mpeg", "picture", "visual". Internet of Things (IoT) Standards refer to the standards which con-
tain any of the following terms related to the Internet of Things (IoT) in their titles: “Internet", "IoT", "of things",

"twin". Machinery & Equipment Standards refer to the standards which contain any of the following terms related to

non n.n non non

equipment in their titles: “card", "circuit", "equipment", "machine", "office", "physical", but do not contain terms
related to privacy. Unlabeled Standards refer to the standards which do not contain any terms related to the previ-
ously defined categories (Machine Learning, Data, Ethics & Accountability, Automation, Programming, Interchange,
Interoperability, Privacy, Human Biometric, Multimedia, IoT, Machinery & Equipment) in their titles. If none of the

terms are found, the standards are classified as “Unlabeled Standards".

B.4 Variables on AI-Specific Research and Investment
B.4.1 Firm-Level Al Research

Log(AI Research), Log(CV Research), Log(NLP Research), and Log(Robotics Research) represent the logarithm of
one plus the number of research publications in Al, computer vision, natural language processing, and robotics,
respectively.’’ This data comes from the Private-sector Al-Related Activity Tracker (PARAT) database, maintained by
the Emerging Technology Observatory (ETO).%!

50AT includes research in computer vision, natural language processing, and robotics, as well as unlabelled research.
Slseehttps://eto.tech/dataset-docs/private-sector-ai-indicators/ for detailed description of the data and variables.
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B.4.2 Country-Level Al-Specific Investments and Patents

Our research delves into Al-specific investments and patents, utilizing data from the Country Activity Tracker (CAT),
a comprehensive dataset developed by CSET. This dataset offers a broad view of national Al activities, providing a

foundation for our investigation of Al-specific investments and patenting.

Al Investment Data CAT’s Al-investment data, sourced from Crunchbase, concentrates on equity investments into
private Al-focused companies. This dataset excludes publicly traded companies and non-equity funding types like
debt finance, grants, and crowdfunding. It encompasses venture capital, private equity transactions, and mergers
and acquisitions. Al companies are identified through keywords, industry tags, and inclusion in the CSET’s private-
sector Al-Related Activity Tracker (PARAT), with investments categorized by application fields based on Crunchbase
data.’? Company and investor nationalities are determined by headquarters location.

CAT aggregates investment data first at the Al-company level, adding up disclosed values. It then calculates
country-level Al investment figures, considering the target’s location, investor nationalities, and the investment’s
primary application field. These country-level figures, representing the Al investment landscape, require careful
interpretation due to the intricate nature of investment transactions involving multiple parties.”®

Using the CAT Al-investment data, we construct a measure of country-level Al investment, Log(Al Investment, /),
which is the logarithm of one plus the Al investments made in country c in year ¢. Thatis, Log(Al Investment, ;)=Log(1+
Incoming Disclosed Investment, ,), where Incoming Disclosed Investment,,, is the total Al-related investment made

into the target country ¢ by all countries in year t.

Patent Data On the patent side, CAT includes data from 1790 Analytics, PATSTAT, and The Lens. Through a collab-
orative effort between CSET and 1790, this data is carefully structured to offer insights into Al-related patent families,
which includes both applications and granted patents. The organization into patent families aids in understanding
the landscape of Al innovations and how they are protected across different legal jurisdictions. This dataset is pivotal
for analyzing the spread and focus of Al-related patenting activities worldwide.

In particular, CAT’s patent dataset aggregates data from 52 patent offices globally, encompassing both national
(e.g., U.S. Patent and Trademark Office) and international bodies (e.g., European Patent Office). It provides metrics
on the number of patent filings per country, focusing on where patents are filed rather than the inventors’ national-
ity. CAT exclusively features Al-related patents, identified from the extensive databases of 1790 and The Lens. This
identification leverages a method developed by CSET and 1790 Analytics, using keywords and patent classification
codes to pinpoint Al patents and link them to specific Al techniques.**.

Using the CAT Al-patent data, we develop two measures on Al patents: Log(Al Patent Applications, ;), which
is the logarithm of one plus the number of Al patent applications filed in country c¢ in year ¢, and Log(Al Patents
Granted, ;), which is the logarithm of one plus the number of Al patents granted in country c in year ¢.

Our investigation into Al-specific investments leverages data sourced from the Country Activity Tracker (CAT),
developed by the Center for Security and Emerging Technology (CSET). The CAT offers a detailed and novel dataset
that highlights national-level Al activities. It covers a broad spectrum of metrics, such as patents, research, and
investments in the private sector, thereby illuminating the global landscape of Al competition. Importantly, the

CAT also provides the capability to delve into specific Al subfields and applications, offering novel insights into Al

52See https://bit.1ly/3Bfr0Mo.
53For a detailed explanation of the methodology and its application, refer to the CSET report’s methodology section and appendices.
54Details on patent data methodology are available in CSET’s paper on Al patents and the associated Github repository.
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investments and patent activities.>®

The CAT dataset encompasses a broad spectrum of Al investments, covering 36 diverse categories including, but
not limited to, agriculture, biotechnology, cybersecurity, finance, manufacturing, natural language processing (NLP),
and robotics. Furthermore, it extends to Al patent activities, encapsulating both applications and granted patents
across 22 categories. These categories range from banking and finance to computer vision, machine learning, in-

dustrial manufacturing, logic and programming, security, telecommunications, and transportation.

C Additional Findings

C.1 Estimation of Effect Heterogeneity Based on Committee-Level Instruments

In this section, we provide evidence on effect heterogeneity based on UNSC membership rates across different Al
committees. This is important for three main reasons. The first reason is that it supports the causal claims of the
paper by utilizing an arguably more exogenous instrument. The proportion of UNSC members across different
committees varies depending on the composition of each committee prior to UNSC rotation announcements. It
is unlikely that this percentage for each given committee is driven by future expectations of UNSC rotations. This
is also supported by Figure C4, which shows that countries do not time their Al committee memberships based on

observable economic development characteristics.
[Figure C4 about here]

The second reason why using committee-level UNSC rates is important is because it gives us shocks with differ-
ent importance. The motivation behind this argument is that a percentage change in the UNSC membership in a
committee may be more marginal and effective if it makes the secretariat much more likely to pass resolutions and
publish standards. For example, in ISO/TC 184/SC 4, the total UNSC membership rate is 41.67%, with 33.33% driven
by UNSC rotations. This suggests that UNSC members already satisfy nearly a third of the votes necessary to publish
new standards. Therefore, we should expect the influence of UNSC membership rotations to be more evident in this
committee. Other examples include ISO/IEC JTC 1/SC 32 and ISO/TC 184/SC 5 committees. In summary, looking at
committee-level instruments helps us provide a stronger economic mechanism.

The third reason why looking at committees separately is important is because of policy implications. The gen-
eral theme in NIST’s report, “US Leadership in Al: A Plan for Federal Engagement in Developing Technical Standards
and Related Tools," and EO 13859 is that Al standards matter for business, and these are the committees that publish
them. However, there is no evidence on which committees help or hurt. Committee-level analysis tackles this prob-
lem and aims to identify effect heterogeneity based on committees. We are able to conduct this analysis because our

instrument can be reproduced at the committee-year level for each secretariat country.
[Figure C3 about here]

Furthermore, regarding Al relatedness through the contents of published standards, as shown in Figure C3, sub-
committees 4, 5, and 32 actively contribute to automation, industrial data, and interchange standards, which drive

many of our main findings. Consequently, we expect these subcommittees to exert a strong influence in those areas.

55We express our gratitude to Zachary Arnold for providing the CAT data. For more information, see https://www.brookings.edu/
articles/can-democracies-cooperate-with-china-on-ai-research/.
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As mentioned in Section 5.1, we employ the following 2SLS procedure, beginning with first-stage regressions on

Log(Al Standardsf o) = alg + a’f % UNSC Membersf, er-1t ka,-,c,t_l

+‘L'kWC,t_1 + Fixed Effects + efym, 21)

k
i,c,t

lished in year t by committee k under the secretariat of country ¢ where firm i is located at. % UNSC Members

separately for each Al committee k. Log(Al Standards; . ) above denotes the logged number of Al standards pub-

k
i,c,t—1
is equal to the percentage of UNSC members in committee kin year ¢- 1 for firms from the permanent UNSC member

secretariats, and zero otherwise.
[Figure C1 about here]

Figure CI illustrates the variation of committee-level instruments across different Al committees and over time.
The instrumental variable, %UNSC Membersi.c . 1—1» displays different patterns among each committee k. Comparing

the years 2018 and 2019, for example, we observe an increase in %UNSC Membersf} ¢.r—1 for committees SC 17, SC 4,
and SC 42, indicating a higher percentage of rotating UNSC members within these committees during that period.
In contrast, a decrease in our instruments is observed for committees SC 32, SC 22, SC 5, SC 24, and SC 37. These
variations reflect the dynamic nature of rotating UNSC member composition across different Al committees over

time.
[Figure C7 about here]

Related to this, Figure C7 presents a histogram illustrating the distribution of combined committee-level in-
struments, represented by %UNSC Membersf ¢.r—1» across Al committees. The figure also shows the distribution of
rotating and total UNSC members across all Al committees, revealing an average UNSC membership of 28.54%. Of
this, approximately 35.35% is driven by rotating UNSC members, underscoring the significance of the instrument.
Notably, there is considerable variability across committees, particularly in U.S.-led committees, which are pivotal
for our analyses. As mentioned above, in ISO/TC 184/SC 4, the total UNSC membership rate is 41.67%, with 33.33%
attributed to UNSC rotations. In ISO/TC 184/SC 5, the total UNSC membership rate is 36.67%, with 24.24% driven by
UNSC rotations. In ISO/IEC JTC 1/SC 32, the total UNSC membership rate is 32.74%, with 35.14% driven by UNSC
rotations.

In the second stage of our 2SLS procedure, we run regressions on:

Vit = ,Bg + ,BlfLog(AI Standards* )+ )/le-,C,t_l + Tch,t_l + Fixed Effects + ¢* (22)

ict i,c,t’

where y; . ; represents our main dependent variables, i.e., firm-specific Al research and broader investment charac-
k k

i,ct i,ct
the first stage, and ,Blf provides an estimate of the average effect of Al standards published by committee k on firms

teristics as described in Tables 4 and 5. Log(AI Standards’; . ) denotes the instrumented Log(Al Standards; . .) from
headquartered in the secretariat country, separately for each committee k. The coefficients ﬁ’f represent different
local effects compared to ) in equation (4). While 8, captures the overall effect of Al standards on firms headquar-
tered in all countries with secretariats, ,B’f quantifies the specific effects of Al standards published by committee k on

firms located in particular countries with secretariats (e.g., depending on the country of the secretariat).

[Tables C6 and C7 about here]
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We present our results in Tables C6 and C7. These tables reveal the influence of various types of Al standards,
which include but aren’t limited to Machine Learning, Data, Automation, Programming Language, Interoperability,
Machinery & Equipment, Ethics & Accountability, and Privacy.

In Table C6, we show that SC 4 has a strong influence on Al research publications, particularly in computer
vision. This makes sense given SC 4’s focus on industrial data and its extensive publication of standards related to
automation, interoperability, and industrial data (see Figure C3). Conversely, SC 32 appears to negatively impact
Al research overall, including in computer vision, natural language processing, and robotics. The influence of SC 5
on Al research is not statistically significant, likely because it publishes a mix of standards that have both positive
(data-related) and negative (programming language-related) effects. Additionally, it is important to note that the last
two committees publish fewer standards, resulting in a smaller dataset, which makes it more challenging to identify
significant effects.

In Table C7, Group 3, the committee focusing on Programming Languages, shows a significant positive relation-
ship (1.27%) with CAPEX, whereas Group 4 (Data Interchange) and Group 6 (Guidance on Al) demonstrate signifi-
cant negative relationships (-0.86% and -0.78% respectively). Moreover, Groups 7 and 10, centered on Automation
and IT Governance, show substantial positive impacts (5.69% and 8.59%) on CAPEX. In Panel C, the analysis of R&D
Expenditures reveals significant positive relationships for Group 1 (Industrial Data), Group 2 (Interoperability), and
Group 3 (Programming Languages), with increases of 0.34%, 1.85%, and 3.27%, respectively. Conversely, negative re-
lationships are observed for Group 4 (Data Interchange), Group 5 (Biometrics), and Group 6 (Guidance on Al), with
decreases of -1.52%, -1.54%, and -1.91%, respectively.

Overall, our findings in this section indicate that the type of committee issuing Al standards has a notable influ-
ence on Al and broader investment decisions. This further underscores the importance of nuanced interpretation

when considering the impacts of Al standards on corporate investment choices.

C.2 Al Standards and Country-Level Al Investments

In this section we present our findings on the influence of Al standards on Al-specific investments at the country

level. To that end, we run regressions on the below model:
Ye,r=Po+ ﬁlLog(AIWardsm) +ac+yrt+ec (23)

Our main dependent variable of interest, y, ;, refers to one of Log(Al Investment, ;), which is defined as the loga-
rithm of one plus the Al investments made in country c in year ¢; Log(Al Patent Applications,, ;), which represents the
logarithm of one plus the number of Al patent applications filed in country c in year ¢, and Log(AI Patents Granted, ;),
which is the logarithm of one plus the number of Al patents granted in country c in year ¢. Log(Amardsm) de-
notes the instrumented Log(Al Standards, ;) from the first stage. % UNSC Members, ;-1 serves as an instrumental
variable, representing the percentage of rotating UNSC members in the year ¢- 1 within the secretariats of permanent

UNSC member country c.
[Table C3 about here]

We present our findings in Table C3. Our findings indicate a positive and statistically significant relationship
between Log(Al Standards) and other Al-related investments within countries over time. Specifically, a unit increase
in Log(AI Standards) is associated with increases in logged Al investments, patent applications, and total Al patents

granted by coefficients of 0.23, 0.46, and 0.35, respectively. These results underline the strong influence of Al stan-
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dards on investment and patenting activities in the Al domain. These findings are also consistent with part (i) of our

Hypothesis 1, which predicts a positive relationship between Al investments and technological standards.
[Figure C8 about here]

We further examine how Al standards influence different areas of Al investments and patent applications. Fig-
ure C8 shows that Al standards notably boost investments in areas such as robotics, manufacturing, cybersecurity,
privacy and finance security, data analytics, software, face recognition, and education. This demonstrates the wide-
ranging impact of standardizing Al across various fields. Furthermore, the number of Al patent applications in-
creases in sectors like banking and finance, security, industrial manufacturing, machine learning, transportation,
telecommunications, and computer vision, following the adoption of Al standards.® Overall, our findings highlight
that as Al standards are adopted, both the funding for Al technologies and the number of Al patent applications,
including those patents that are granted, increase.

C.3 Additional Figures and Tables

Additional Figures. Figure C2 illustrates the life cycle events of Al standards published from 1972 to 2023. Figure
C5 provides a correlation matrix for our committee-level instrumental variables.

Figure C6 illustrates each country’s contributions to machine learning and safety & accountability standards
from 2017 to 2023 using color gradients. Countries including the United States, Canada, China, Russia, India, Aus-
tralia, and several Western European nations are significantly engaged in the global standardization efforts for both
machine learning and ethical Al, as evident from the considerable number of standards published by the commit-
tees they are part of. This considerable involvement suggests that unprecedented shocks assisting the US or other
countries in promoting their strategic objectives, especially when supported by politically-aligned countries within
the committee or under its secretariats, can have substantial implications for the direction and pace of machine
learning and ethical Al standardization. On examining the global landscape, we also observe that countries such
as Mexico, Argentina, Saudi Arabia, Iran, and South Africa appear to wield more influence over the formulation of
ethical standards as compared to machine learning standards. This disparity may potentially stem from the techni-
cal capacities inherent to the complexity of their economies. The emphasis on ethical standards in these countries
might reflect their societal and regulatory focus on Al’s broader implications, highlighting the importance they place
on ethical considerations in Al’s deployment and use.®’

Figure C9 shows the results from re-running the main regressions in columns 2 and 4 of Table 5 after randomly
excluding Al standards from the sample. We conducted 1,000 regressions, each with 250 randomly dropped Al stan-
dards. The Y-axis displays the 1,000 coefficient estimates, while the X-axis shows their corresponding t-statistics.
All estimates remain economically and statistically significant, confirming that the effects of Al standards on CAPEX

and R&D hold up under this robustness test.

Table C1: Decomposition of Standards by Committee and Secretariats. Table C1 provides a detailed breakdown
of the published standards, categorized by responsible committees and secretariats. In this context, secretariats
refer to the countries that lead the standardization efforts for their respective committees. They play a vital role in

the ISO standardization process. A secretariat is typically held by a national standardization body from a specific

56 Although we have additional results indicating that Al standards related to specific domains further stimulate patenting and investments
in those domains, these details are not included here but are available upon request.
57Section C of the Appendix discusses the role of bias in Al systems and Al-based decision making.
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country. Hosting a secretariat for an ISO committee can bring significant benefits to local firms and industries.
By assuming the responsibility of a secretariat, a country gains a central coordinating role in the standardization
process, allowing it to have a more direct influence on the committee’s work and the development of standards. This
heightened involvement presents a unique opportunity for local firms to actively shape the standards governing their
industries. It ensures that their specific needs and interests are taken into account, reducing uncertainty related to
their innovation paths.

Moreover, managing an ISO secretariat requires a high level of expertise in the specific field of standardization.
This expertise, developed by the national standardization body hosting the secretariat, can directly benefit local firms
by enhancing their knowledge and understanding of international standards and best practices. It allows them to
stay at the forefront of technological advancements, adapt to global market requirements, and maintain a competi-
tive edge in their respective industries. Hosting a secretariat also creates networking opportunities for the country’s
industries, enabling them to establish valuable relationships with stakeholders from other countries. This interna-
tional collaboration can foster knowledge sharing, innovation, and the exchange of ideas, ultimately driving growth
and competitiveness for local firms. In summary, hosting an ISO secretariat not only grants a country a more influen-
tial role in the standardization process but also provides local firms with the advantages of less uncertain innovation

paths, enhanced expertise, and international networking, all of which can contribute to business growth.
[Table C1 about here]

As displayed in Table C1, the total number of Al standards published by Al-centric committees from 1972 to 2023
is 5,456.%8 The table reveals that ISO committees have published 2,055 Al standards, while joint ISO/IEC committees
have contributed 3,382 standards. In comparison, IEEE, operating independently, has published 19 standards. These
numbers underscore the significant contributions of ISO and ISO/IEC in the standardization of Al, with ISO/IEC
committees leading in terms of the total number of standards published. Within the ISO Committees section, no-
table contributions include TC 184/SC 4 with the highest number of standards at 1,771 publications, followed by TC
184/SC 5 with 96 standards. Turning to the ISO/IEC Committees section, notable examples include SC 29 with 1,168
standards, SC 27 with 432 standards, SC 7 with 352 standards, and SC 17 with 338 standards.

Table C2: Scopes and Activities of Al Standardization Committees. Table C2 offers a comprehensive overview of
the activities and scopes of Al standardization committees listed previously in Table C1, encompassing a wide range
of domains such as data interchange, ethical Al, robotics, and industrial automation. For instance, ISO/IEC JTC 1/SC
42 focuses on providing guidance and developing standards for Al while assisting other ISO and IEC committees. For
this reason, it's named as the Artificial Intelligence committee. ISO/IEC JTC 1/SC 41 specializes in standardization
within the field of the Internet of Things (IoT) and digital twin technologies. Governance aspects related to IT, data,
and IT-enabled services are the focus of ISO/IEC JTC 1/SC 40. Noteworthy committees such as TC 184, TC 184/SC 1,
and TC 199 are engaged in industrial automation, industrial cyber and physical device control, and safety standards
for machinery, respectively. ISO/TC 299 focuses exclusively on robotics standards, while TC 184/SC 4 and TC 184/SC

5 specialize in industrial data exchange and industrial interoperability, respectively.>®

58it is worth noting that additional Al-related standards from the Al Standards Hub are not included in this table due to formatting con-
straints. Nevertheless, our analysis remains robust even when considering these additional standards.

59gection D.3 of the Appendix discusses the role of Al in enhancing operational efficiency, safety, and decision-making in oil and gas pro-
duction facilities. Al implementation not only contributes to superior performance but also aids in maintaining regulatory compliance and
fostering transparent communication with various stakeholders. The application of Al in this sector spans predictive maintenance, advanced
analytics for decision support, automation of routine tasks, and real-time monitoring of safety and performance indicators. As explained
in this section, several Al committees are dedicated to the task of establishing standards that facilitate such applications in the oil and gas
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[Table C2 about here]

Table C4: Effect Heterogeneity: Top 10% of Al Standards by Al Relatedness & Al Standard Categories. Table C4
offers a detailed breakdown of how specific Al standard categories impact capital (Panel A) and R&D (Panel B) expen-
ditures by utilizing the top 10% of Al standards by Al relatedness. Compared to the results in Table 9, after restricting
our sample to the top 10% of Al standards by Al relatedness, all Al standard categories demonstrate economically
larger effects on both CAPEX and R&D expenditures. In addition, the previously insignificant Programming Lan-
guages category now exhibits both economic and statistical significance for CAPEX and R&D in this restricted sam-
ple.

[Table C4 about here]

Table C5: Cross-Country Difference in the Impact of Al Standards. Table C5 examines the cross-country differ-
ence in the Impact of Al standards on Capital and R&D Expenditures. It shows that among firms in the United States,
United Kingdom, and France—leaders in Al standardization—U.S. firms realize the greatest benefits from Al stan-
dards. Even excluding the United States, UNSC member countries continue to exhibit significant advantages over
other permanent members like China and Russia, which do not lead any secretariats. Additionally, firms from coun-
tries not involved in Al standardization process as committee members suffer, underscoring a clear hierarchy in the

impact of Al standards based on country participation in the standardization process.

[Table C5 about here]

Table C8: Higher Uncertainty. Table C8 examines the effect of Al standards associated with higher uncertainty,
specifically focusing on new standards rather than existing standards undergoing reevaluation. Our results suggest
that all coefficient estimates increase once the higher uncertainty is resolved, providing evidence for our proposed
mechanism. Although the first four columns are not statistically significant based on tF critical values, the last two

columns are comfortably significant, likely due to the larger sample size.

[Table C8 about here]

industry. These committees help create a structured and safe environment for the adoption of Al technologies, ensuring these tools are used
in an efficient, ethical, and regulation-compliant manner.
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Appendix Table C1. Breakdown of Standards by AI-Centric Organizations and Secretariats

This table presents the number of standards published by international standardization organizations, categorized by responsible committees and secretariats (i.e., countries tasked with
leading the standardization endeavors of their respective committees, provided in ISO alpha-3 format). Standards published by the Institute of Electrical and Electronics Engineers (IEEE)
are presented separately, and IEEE is shown as an independent secretariat. The committees are derived from "U.S. Leadership in Al: A Plan for Federal Engagement in Developing Technical
Standards and Related Tools" report produced by the National Institute of Standards and Technology (NIST) in response to Executive Order (EO) 13859. The data covers the period from 1972

to 2022.

Secretariat

AUS FRA DEU IEEE IND JPN KOR SWE GBR USA Total
ISO Committees
TC 184 0 30 0 0 0 0 0 0 0 0 30
TC184/SC1 0 0 39 0 0 0 0 0 0 0 39
TC 184/SC 4 0 0 0 0 0 0 0 0 0o L771 1,771
TC 184/SC5 0 0 0 0 0 0 0 0 0 96 96
TC 199 0 0 89 0 0 0 0 0 0 0 89
TC 299 0 0 0 0 0 0 0 30 0 0 30
Subtotal 0 30 128 0 0 0 0 30 0 1,867 2,055
ISO/IEC Committees
JTC1/SC7 0 0 0 0 352 0 0 0 0 0 352
JTC1/SC17 0 0 0 0 0 0 0 0 338 0 338
JTC1/SC 22 0 0 0 0 0 0 0 0 0 248 248
JTC 1/SC 24 0 0 0 0 0 0 0 0 142 0 142
JTC1/SC 27 0 0 432 0 0 0 0 0 0 0 432
JTC1/SC 28 0 0 0 0 91 0 0 0 0 0 91
JTC 1/SC 29 0 0 0 0 1,168 0 0 0 0 0 1,168
JTC1/SC 32 0 0 0 0 0 0 0 0 0 265 265
JTC 1/SC 36 0 0 0 0 0 0 70 0 0 0 70
JTC 1/SC37 0 0 0 0 0 0 0 0 0 176 176
JTC 1/SC 40 42 0 0 0 0 0 0 0 0 0 42
JTC1/SC41 0 0 0 0 0 0 42 0 0 0 42
JTC 1/SC 42 0 0 0 0 0 0 0 0 0 16 16
Subtotal 42 0 432 0 352 1,259 112 0 480 705 3,382
IEEE Committee 0 0 0 19 0 0 0 0 0 0 19
Total 42 30 560 19 352 1,259 112 30 480 2,572 5,456
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Appendix Table C2. Scopes and Activities of Al Standardization Committees

This table provides an overview of the activities and scopes of Al standardization committees, with the names of the secretariats associated with each committee listed in parentheses and
in italic format. The committees (represented in bold) are derived from "U.S. Leadership in Al: A Plan for Federal Engagement in Developing Technical Standards and Related Tools" report
produced by the National Institute of Standards and Technology (NIST) in response to Executive Order (EO) 13859. The data represented in the table are manually collected from the official
ISO webpage. The sources for any additional information provided in the table are cited for reference.

Committee

Scope

Description of Standardization Activities

ISO/IECJTC 1/SC 42
(Sec: United States)

ISO/IEC JTC 1/SC 41
(Sec: South Korea)
ISO/IEC JTC 1/SC 40
(Sec: Australia)
ISO/IEC JTC 1/SC 37
(Sec: United States)
ISO/IECJTC 1/SC 36
(Sec: South Korea)

ISO/IECJTC 1/SC 32

(Sec: United States)

ISO/IECJTC 1/SC 29
(Sec: Japan)

Guidance on Al

IoT

Governance

Human Biometric

Education

Data Interchange

Digital Information

Development of Al standards and guidance to other ISO and IEC committees developing Al applications.
Standardization in the areas of foundational Al standards, Big Data, Al trustworthiness, use cases,
governance implications of Al, computational approaches of Al, testing, ethical and societal concerns.
Sources: https://bit.1ly/42XocXHand https://bit.1ly/42YSklq.

Standardization in the area of Internet of Things (IoT) and digital twin, i.e., virtual modelling of physical world.
Sources: https://bit.1ly/41WntFp and https://bit.ly/44ZPizj.

Standardization in (i) governance of IT, (ii) governance of data, (iii) IT service management, and (iv) IT-enabled
services. Sources: https://bit.1ly/44Z5Veq.

Standardization of generic biometric technologies pertaining to human beings to support interoperability
and data interchange among applications and systems. Sources: https://bit.1ly/41Dkxgz.
Standardization in the field of information technologies for learning, education, and training to support
individuals, groups, or organizations, and to enable interoperability and reusability of resources and tool.
Examples: learning analytics interoperability, individualized adaptability and accessibility in e-learning,
education and training, and human factor guidelines for VR content. Source: https://bit.1ly/3WqBpWT.
Standards for data management within and among local and distributed information systems environments.
Help set up the structure of data, i.e., data domains, data types and structures, and programming languages.
Create rules for storing data safely and for allowing simultaneous access and updates without conflicts;
develop languages, services, and protocols for sharing data among different systems;

organize and register metadata (data about data), which is essential for sharing data and making systems
interoperable. Source: https://bit.1ly/43£9D1W.

Standardization in the field of (a) efficient coding of digital representations of images, audio and moving
pictures, including conventional (natural, computer-generated and immersive) images, moving pictures

and audio, invisible light and other sensory (e.g. medical and satellite) images, and static and dynamic
graphic objects; (b) efficient coding of other digital information, including multimedia, environment

and user-related metadata, sensor and actuator information related to audiovisual information,

and other digital data in agreement with the relevant committee, such as genomics; (c) digital information
support, including synchronization, presentation, storage and transport of single or combinations of

media, media security and privacy management, and quality of experience evaluation and system
performance metrics. Source: https://bit.1ly/30hCX92.



https://bit.ly/42XocXH
https://bit.ly/42YSklq
https://bit.ly/41WntFp
https://bit.ly/44ZPizj
https://bit.ly/44Z5Veq
https://bit.ly/41Dkxgz
https://bit.ly/3WqBpWT
https://bit.ly/43f9D1W
https://bit.ly/3ohCX92
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Committee

Scope

Description of Standardization Activities

ISO/IECJTC 1/SC 28
(Sec: Japan)

ISO/IECJTC 1/SC 27
(Sec: Germany)
ISO/IECJTC 1/SC 24

(Sec: United Kingdom)

ISO/IECJTC 1/SC 22
(Sec: United States)
ISO/IEC]JTC 1/SC 17

(Sec: United Kingdom)

ISO/IECJTC1/SC7
(Sec: India)

ISO/TC 184

(Sec: France)

ISO/TC 184/SC1
(Sec: Germany)

ISO/TC 184/SC 4
(Sec: United States)
ISO/TC 184/SC 5
(Sec: United States)
ISO/TC 199

(Sec: Germany)
ISO/TC 299

(Sec: Sweden)

Electronic Devices

Information Security
Graphics

Programming Languages
Personal Identification
Software

Industrial Automation

Industrial Device Control

Industrial Data
Industrial Interoperability
Safety

Robotics

Standardization of basic characteristics, test methods and other related items of products such as 2D and 3D
Printers/Scanners, Copiers, Projectors, Fax and Systems composed of their combinations.

Source: https://bit.1ly/3MqoVtK.

The development of standards for the protection of information and ICT. This includes generic methods,
techniques and guidelines to address both security and privacy aspects. Source: https://bit.1ly/3pTTvV3.
Computer graphics, image processing, virtual reality, augmented reality, and mixed reality, environmental data
representation, visualization of, and interaction with, information. Source: https://bit.1ly/3IvmXHz.
Programming languages, their environments and system software interfaces. Source: https://bit.1ly/3MK7ohr

Identification and related documents, cards, security devices and tokens and interface associated with their use
in inter-industry applications and international interchange. Source: https://bit.1y/30t83VT.
Standardization of processes, supporting tools and supporting technologies for the engineering of software
products and systems. Source: https://bit.1ly/3C1lcTNK.

Standardization in automation systems and their integration for design, sourcing, manufacturing, production
and delivery, support, maintenance and disposal of products and their associated services.

Source: https://bit.1ly/42V0agu.

Develop standards on industrial cyber and physical device control. Examples: data modeling and numerical
control systems for industrial automation systems, functional safety for automated machines, and integration
of manufacturing operations. Source: https://bit.1ly/30jzW8m.

Establishes common rules and guidelines for exchanging data with stakeholders in industrial environments.
Examples: data models, data exchange formats, and data access interfaces. Source: https://bit.1ly/41TpJgv.
Standards on interoperability between devices, integration, and architectures for enterprise systems and
automation applications. Source: https://bit.1ly/3omW8hW.

Standardization of basic concepts and general principles for safety of machinery incorporating terminology,
methodology, guards and safety devices. Source: https://bit.1y/439ghGO.

Standardization in the field of robotics, excluding toys and military applications. Examples: safety, performance,
and robotic applications (e.g., in healthcare). Source: https://bit.1ly/43hZly7.



https://bit.ly/3MqoVtK
https://bit.ly/3pTTvV3
https://bit.ly/3IvmXHz
https://bit.ly/3MK7ohr
https://bit.ly/3Ot83VT
https://bit.ly/3ClcTNK
https://bit.ly/42V0agu
https://bit.ly/3ojzW8m
https://bit.ly/41TpJgv
https://bit.ly/3omW8hW
https://bit.ly/439ghGO
https://bit.ly/43hZly7

Appendix Table C3. Effects of Al Standards on Al Investments and Al Patents

This table provides our estimates for the local treatment effects of Al standards on Al investments, Al patent applications, and Al patents
granted. We utilize a two-stage least squares (2SLS) procedure for the coefficient estimates presented in the first three columns. The fourth
column presents the results of the first stage. Our sampling period is from 2017 to 2022. The number of Al standards is instrumented with
the % of UNSC members in a given year under a given secretariat. Detailed variable descriptions can be found in Appendix B. Coefficient
estimates marked with x % %, %%, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively. The standard errors are
clustered at the country level.

Log(Al Investment. ;)  Log(Al Patent Apps.c,;) Log(Al Patents Granted ;) Log(AI Standards, ¢)

1) 2) (3) (4)
Log(Al Standards, ;) 0.23%* 0.46** 0.35%**
(2.19) (2.23) (6.40)
% UNSC Members;, -1 7.10%**
(2.86)
Fixed Effects
Country Yes Yes Yes Yes
Year Yes Yes Yes Yes
Observations 684 684 684 684
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Appendix Figure C1. Committee-Level Instruments: UNSC Rotations and ISO Committees

This figure displays the percentage of rotating United Nations Security Council (UNSC) members in AI committees with permanent UNSC member countries being the secre-
tariats between 2017 and 2022. Committee membership data is collected manually using the Wayback Machine (https://archive.org/web/), which provides ISO committee
membership data from 2017. The figure illustrates the dynamic changes in %UNSC Membersf, -1 for different AI committees, highlighting the varying composition of rotating
UNSC members within these committees over time.
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Appendix Figure C2. The Life Cycle of Standards Published by AI-Critical Committees

The figure illustrates the life cycle events of Al standards published by each secretariat within the International Organization for Standardization (ISO) from 1972 to 2023. These
life cycle events are color-coded and labeled based on ISO’s international harmonized stage codes. The "Published" stage (60) represents the successful completion of the
review process and the official release of the standard. The "Being reviewed" stage (90) signifies the ongoing development of standards, where thorough reassessment takes
place. The "Reviewed and confirmed" stage (90.93) indicates the validation and endorsement of a standard after periodic reviews, ensuring its relevance and applicability.
Lastly, the "Reviewed and withdrawn" stage (90.95) signifies the removal or retirement of previously published standards for various reasons. Each secretariat is color-coded,
facilitating easy differentiation.
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Appendix Figure C3. Categories of Standards Published by U.S.-lead AI Committees

The tree cluster figure represents the distribution of published standards by US secretariats between 2017 and 2022, showcasing
the various types of standards as a percentage of the total. The committee names of standards included in the figure can be

found in Table C1. The types of standards (e.g., ML, Data) are defined in Appendix Section B.
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Appendix Figure C4. Do Rotating UN Security Council Members Target Al Committees?

This figure provides an empirical analysis on the potential influence of Economic Complexity Index (ECI) as in Hidalgo et al. (2009) on the number of Al committee
memberships for each country from 2017 to 2022. UNSC and non-UNSC member countries are denoted by orange triangles and blue hollow circles, respectively. Blue and
orange fitted lines represent quadratic predictive models for non-UNSC and UNSC nations based on ECI and its square. Each line is accompanied by a 95% confidence interval. .
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Appendix Figure C5. Covariance Matrix: Interplay of Variables in Al Standard Categories

This figure provides a correlation matrix for the following variables: Log(Al Standards); . ;, Log(Machine Learning Standards); . ;, Log(Data Standards); . ;, Log(Accountability
Standards); . ;, Log(Automation Standards);.;, Log(Programming Standards);.;, Log(Interchange Standards); ., Log(Interoperability Standards); ., Log(Privacy
Standards); . ;, Log(Human Biometric Standards);.;, Log(Multimedia Standards);.;, Log(IoT Standards);.; Log(Equipment Standards);.,; and Log(Unlabeled
Standards); . ;. Detailed variable descriptions can be found in Appendix Section B.
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Appendix Figure C6. Involvement in Machine Learning and Ethical Al Standards by Country

This world map illustrates each country’s contributions to machine learning and ethics & accountability standards from 2017 to 2023 using color gradients. Countries are
shaded based on their roles as either committee members or secretariats in publishing committees. The two-dimensional figure on the right side categorizes countries based
on their respective involvement. Countries without any contributions remain white. The definition of machine learning and ethical Al standards can be found in Appendix

Section B.
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Appendix Figure C7. The Distribution of Committee-Level Instruments

The figure illustrates permanent and rotating UNSC membership in a secretariat-committee-year panel led by permanent
members of the UNSC and other countries that are not permanent members of the UNSC. It shows the distribution of our
committee-level instruments, denoted as %UNSC Membersi.f ¢,1—1» ACT0SS all AT committees. In doing so, it highlights the distri-
bution of rotating UNSC members and total UNSC members. For a more detailed explanation of our instrument, please refer

to Section 5.1. Detailed variable descriptions can be found in Appendix Section B.
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Appendix Figure C8. The Influence of AI Standards on Categories of Al Investment and Al Patents

This table provides our estimates for the local treatment effects of Al standards on different types of Al investments. The y-axis
presents the coefficient estimates based on Equation (23), and the x-axis presents t-statistics. Al investment or patent types
with t-statistics less than two are not labeled for readability. In Panel A, Robotic stands for robotics, Manufac for manufactur-
ing, CybSec for cyber security, PrivSecu for privacy and security, ConGood for consumer goods, Educate for education, Finance
for finance, ProfSer for professional service, DataAna for data and analytics, GenPurp for general purpose, Hardwr for hardware,
Simulat for simulation, MobPlat for mobile, platforms, and internet services, Softwr for software, and FaceRec for facial recog-
nition. In Panel B, BankFinance stands for Banking and Finance, PlanSched for Planning and Scheduling, Security for Security,
IndManuf for Industry and Manufacturing, AnalytAlg for Analytics and Algorithms, Transprt for Transportation, MachLearn-
ing for Machine Learning, General for General, Business for Business, PhysSciEn for Physical Sciences and Engineering, PersDev
for Personal Devices and Computing, Telecom for Telecommunications, CtriMeth for Control Methods, CompV for Computer
Vision, SpeechPr for Speech Processing, LogicProg for Logic Programming, EnergMgmt for Energy Management, OntoEng for
Ontology Engineering. Detailed variable descriptions can be found in Appendix Section B.
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Appendix Figure C9. Stability of Main Findings After Random Exclusion of 250 Al Standards

This figure shows the results from re-running the main regressions in columns 2 and 4 of Table 5 after randomly excluding Al
standards from the sample. We conducted 1,000 regressions, each with 250 randomly dropped Al standards. The Y-axis displays
the 1,000 coefficient estimates, while the X-axis shows their corresponding t-statistics.
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D Additional Details in Al and Al Standards

D.1 Whatis AI?

In a widely-used Al textbook, Russell and Norvig (2021) define Al as “the study of agents that receive per-
cepts from the environment and perform actions.” The textbook prescribes six disciplines in Al: natural
language processing (to communicate successfully in a human language); knowledge representation (to
store what it knows or hears); automated reasoning (to answer questions and to draw new conclusions);
machine learning (to adapt to new circumstances and to detect and extrapolate patterns); computer
vision and speech recognition (for a robot to perceive the world); robotics (for a robot to manipulate ob-
jects and move about). The development of Al dated back to 1940s, with the most recent breakthrough
marked by Krizhevsky et al. (2012), who developed a deep learning system with dramatic improvement
over previous systems. Since then, Al systems have exceeded human performance on many aspects,

such as computer vision and game playing.5°

D.2 Additional Examples of Al Standards

Unlike conventional standards, which primarily ensure compatibility across devices, Al-related stan-
dards are dedicated to guiding the ethical, secure, and interoperable development and operation of Al
systems.®! Many standards in our sample establish globally accepted criteria for data quality, format,
and interchange.®? As data is the essential fuel for Al-systems, these data standards play a crucial role in
ensuring the accuracy, interoperability, and security of Al systems. In addition, Al standards prescribe
best practices for evaluating Al models and integrating them into older technologies, such as manufac-
turing. Furthermore, they aim to enable Al-based systems to operate in an transparent, explainable, and
fair manner, facilitating seamless integration across Al platforms and technologies.

In this section, we provide additional examples of Al standards published from 2017-2022, which
complement the standards listed in Table 1.

Standard ID Title

ISO/IEC TS 4213:2022 Information technology — Artificial intelligence — Assessment of machine learning classification
performance

ISO/IEC 23053:2022 Framework for Artificial Intelligence (Al) Systems Using Machine Learning (ML)

ISO/TR 22100-5:2021 Safety of machinery — Relationship with ISO 12100 — Part 5: Implications of artificial intelligence
machine learning

ISO/IEC TR 24029-1:2021  Artificial Intelligence (AI) — Assessment of the robustness of neural networks — Part 1: Overview

60 According to Russell and Norvig (2021), “one quick way to summarize the milestones in Al history is to list the Turing Award
winners: Marvin Minsky (1969) and John McCarthy (1971) for defining the foundations of the field based on representation and
reasoning; Ed Feigenbaum and Raj Reddy (1994) for developing expert systems that encode human knowledge to solve real-
world problems; Judea Pearl (2011) for developing probabilistic reasoning techniques that deal with uncertainty in a principled
manner; and finally Yoshua Bengio, Geoffrey Hinton, and Yann LeCun (2019) for making ‘deep learning’ (multilayer neural
networks) a critical part of modern computing. ”

6lgee the International Organization for Standardization (ISO)’s article on Al standardization: https://www.iso.org/
artificial-intelligence.

62Such standards not only cover general data topics, but also cover image format, coding, and compression. Recent literature
show that image format (e.g., JPEG) is important for facial recognition. Bousnina et al. (2022) find that the format of image
coding has a significant impact on the performance of Al-based facial recognition technologies that use decoded image.
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Standard ID

Title

ISO/IECTR Software and systems engineering — Software testing — Part 11: Guidelines on the testing of Al-based

29119-11:2020 systems

ISO/IEC TR 24028:2020 Information technology — Artificial intelligence — Overview of trustworthiness in artificial intelligence

ISO/IEC TR 24372:2021 Information technology — Artificial intelligence (AI) — Overview of computational approaches for Al
systems

ISO/IEC TR 24368:2022 Information technology - Artificial intelligence — Overview of ethical and societal concerns

ISO/IEC TR 24027:2021 Information technology — Artificial intelligence (AI) — Bias in Al systems and Al aided decision making

ISO/IEC TR 24030:2021 Information technology — Artificial intelligence (AI) — Use cases

ISO/IEC 38507:2022 Information technology — Governance of IT — Governance implications of the use of artificial

intelligence by organizations

ISO/IEC 22989:2022

Information technology — Artificial intelligence — Artificial intelligence concepts and terminology

ISO/IEC 15938-17:2022

Information technology — Multimedia content description interface — Part 17: Compression of neural
networks for multimedia content description and analysis

ISO/IEC
14496-15:2022/CD Amd 3

Information technology — Coding of audio-visual objects — Part 15: Carriage of network abstraction
layer (NAL) unit structured video in the ISO base media file format - Amendment 3: Support for
neural-network post-filter supplemental

ISO/IEC 2382-37:2022

Information technology - Vocabulary - Part 37: Biometrics

ISO/IEC 21838-2:2021

Information technology — Top-level ontologies (TLO) — Part 2: Basic Formal Ontology (BFO)

ISO/IEC 24707:2018

Information technology — Common Logic (CL) — A framework for a family of logic-based languages

ISO/IEC
23008-12:2017/Amd
1:2020

Information technology — High efficiency coding and media delivery in heterogeneous environments —
Part 12: Image File Format — Amendment 1: Support for predictive image coding, bursts, bracketing
and other improvements

ISO/IEC TR 23842-1:2020

Information technology for learning, education and training — Human factor guidelines for virtual
reality content — Part 1: Considerations when using VR content

ISO/IEC 18038:2020

Information technology — Computer graphics, image processing and environmental representation —
Sensor representation in mixed and augmented reality

IEC 80601-2-77:2019

Medical electrical equipment — Part 2-77: Particular requirements for the basic safety and essential
performance of robotically assisted surgical equipment

IEC/TR 60601-4-1:2017

Medical electrical equipment - Part 4-1: Guidance and interpretation — Medical electrical equipment
and medical electrical systems employing a degree of autonomy

ISO/TR 23482-2:2019

Robotics — Application of ISO 13482 — Part 2: Application guidelines

ISO/TR 20218-1:2018

Robotics — Safety design for industrial robot systems — Part 1: End-effectors

1SO 18646-2:2019

Robotics — Performance criteria and related test methods for service robots — Part 2: Navigation

1SO 22166-1:2021

Robotics — Modularity for service robots — Part 1: General requirements

ISO/TR 20218-2:2017

Robotics - Safety design for industrial robot systems — Part 2: Manual load/unload stations

ISO/TR 23482-1:2020

Robotics — Application of ISO 13482 — Part 1: Safety-related test methods

ISO 18646-3:2021

Robotics — Performance criteria and related test methods for service robots — Part 3: Manipulation

1SO 18646-4:2021

Robotics — Performance criteria and related test methods for service robots — Part 4: Lower-back
support robots

ISO/IEC 30107-3:2017

Information technology — Biometric presentation attack detection — Part 3: Testing and reporting

ISO/IEC 19989-1:2020

Information security — Criteria and methodology for security evaluation of biometric systems — Part 1:
Framework

ISO/IEC 30107-4:2020

Information technology — Biometric presentation attack detection — Part 4: Profile for testing of mobile
devices

ISO/IEC 19989-3:2020

Information security — Criteria and methodology for security evaluation of biometric systems — Part 3:
Presentation attack detection

ISO/IEC 19989-2:2020

Information security — Criteria and methodology for security evaluation of biometric systems — Part 2:
Biometric recognition performance

ISO/IEC 30137-1:2019

Information technology — Use of biometrics in video surveillance systems — Part 1: System design and
specification

ISO/IEC 24745:2022

Information security, cybersecurity and privacy protection — Biometric information protection

ISO/IEC 19795-1:2021

Information technology — Biometric performance testing and reporting — Part 1: Principles and
framework

ISO/IEC TR 22116:2021

Information technology — A study of the differential impact of demographic factors in biometric
recognition system performance
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Standard ID

Title

ISO/IEC 24779-5:2020

Information technology — Cross-jurisdictional and societal aspects of implementation of biometric
technologies — Pictograms, icons and symbols for use with biometric systems — Part 5: Face applications

ISO/IEC 27400:2022

Cybersecurity —IoT security and privacy — Guidelines

ISO/IEC 27005:2022

Information security, cybersecurity and privacy protection — Guidance on managing information
security risks

ISO/IEC 15408-1:2022

Information security, cybersecurity and privacy protection — Evaluation criteria for IT security — Part 1:
Introduction and general model

ISO/IEC TS 27110:2021 Information technology, cybersecurity and privacy protection — Cybersecurity framework development
guidelines
ISO/IEC 30147:2021 Information technology — Internet of things — Methodology for trustworthiness of IoT system/service

1SO 23247-3:2021

Automation systems and integration — Digital twin framework for manufacturing — Part 3: Digital
representation of manufacturing elements

ISO 23704-1:2022

General requirements for cyber-physically controlled smart machine tool systems (CPSMT) — Part 1:
Overview and fundamental principles

ISO/IEC TR 63306-2:2021

Smart manufacturing standards map (SM2) — Part 2: Catalogue

1SO 23247-4:2021

Automation systems and integration — Digital twin framework for manufacturing — Part 4: Information
exchange

ISO/IEC TR 30174:2021 Internet of Things (IoT) — Socialized IoT system resembling human social interaction dynamics
ISO/IEC TS 27570:2021 Privacy protection — Privacy guidelines for smart cities

ISO/IEC 30106-2:2020 Information technology — Object oriented BioAPI — Part 2: Java implementation

ISO/IEC TS 21544:2018 Programming languages — Extensions to C++ for modules

ISO/IEC 19794-15:2017

Information technology — Biometric data interchange format — Part 15: Palm crease image data

ISO/IEC 19794-13:2018

Information technology — Biometric data interchange formats — Part 13: Voice data

ISO/IEC TR
19583-23:2020

Information technology — Concepts and usage of metadata — Part 23: Data element exchange (DEX) for
a subset of ISO/IEC 11179-3

ISO/IEC 23093-3:2019

Information technology — Internet of media things — Part 3: Media data formats and APIs

1SO 8000-2:2022

Data quality — Part 2: Vocabulary

ISO/IEC 24668:2022

Information technology — Artificial intelligence — Process management framework for big data analytics

ISO/IEC 20547-4:2020

Information technology — Big data reference architecture — Part 4: Security and privacy

ISO/IEC 19774-1:2019

Information technology — Computer graphics, image processing and environmental data
representation — Part 1: Humanoid animation (HAnim) architecture

ISO/IEC 38505-1:2017

Information technology — Governance of IT — Governance of data — Part 1: Application of ISO/IEC
38500 to the governance of data

ISO/TS 10303-1003:2019

Industrial automation systems and integration — Product data representation and exchange — Part 1003:
Application module: Curve appearance

ISO/TS 10303-1111:2019

Industrial automation systems and integration — Product data representation and exchange — Part 1111:
Application module: Classification with attributes

ISO/TS 10303-1521:2018

Industrial automation systems and integration — Product data representation and exchange — Part 1521:
Application module: Product data quality criteria

ISO/TS 10303-1831:2019

Industrial automation systems and integration — Product data representation and exchange — Part 1831:
Application module: Scan data 3D shape

ISO/IEC TR 29170-1:2017

Information technology — Advanced image coding and evaluation — Part 1: Guidelines for image coding
system evaluation

ISO/IEC 14496-12:2022

Information technology — Coding of audio-visual objects — Part 12: ISO base media file format

ISO/IEC 15444-1:2019

Information technology — JPEG 2000 image coding system — Part 1: Core coding system

ISO/IEC 19566-7:2022

Information technologies — JPEG systems — Part 7: JPEG linked media format (JLINK)

ISO/IEC 23003-3:2020

Information technology - MPEG audio technologies — Part 3: Unified speech and audio coding
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D.3 Standards on Industrial Data

In this section, we describe how Al can be utilized in oil and gas production facilities to improve effi-
ciency, safety, and decision-making, while also allowing for the necessary compliance with regulators
and the exchange of necessary information with different stakeholders. Figure D1 summarizes the life-
cycle model of a typical plant in oil and gas industry.®® As shown, several parts of the plant’s operations
rely on the measurement of data that is utilized by computer systems which perform tasks such as learn-
ing, reasoning, problem-solving, and forecasting. Such systems further provide results to various stake-
holders such as customers, regulators, employees, and various decision makers within the company.

Below, we provide a list of how Al can be used in oil and gas production facilities.

* Predictive Maintenance: Al can analyze sensor data from equipment and machinery to identify
patterns and predict potential failures or maintenance needs. This allows for proactive mainte-
nance scheduling, minimizing downtime and reducing costs. These could, for example, be done
under “Field Maintenance” or “Shop Maintenance” models in Figure D1. The relevant ISO stan-
dards could be published, for example, by ISO/TC 184/SC 4 (Industrial Data).

» Asset Optimization: Al algorithms can optimize the performance of oil and gas assets by analyzing
large amounts of data and providing opportunities to improve interoperability. This includes opti-
mizing drilling parameters, production rates, and reservoir management to maximize production
and minimize costs. These could, for example, be done under the “Performance Analysis” model
in Figure D1. The relevant ISO standards could be published, for example, by ISO/TC 184/SC 1
(Device Control) or ISO/IEC JTC 1/SC 32 (Data Interchange).

* Environmental and Reservoir Monitoring: Al can analyze sensor data and satellite imagery to
monitor and detect environmental changes, such as oil spills, leaks, or emissions. This enables
early detection and timely response to minimize the environmental impact. Al can also analyze
seismic data, well logs, and historical production data to create accurate reservoir models. These
models help in understanding subsurface characteristics, predicting reservoir behavior, and op-
timizing production strategies. These could, for example, be done under the “Performance Anal-
ysis”, ‘Demolishment & Uninstalling” and “Demolishment & Disposal” models in Figure D1. The
relevant ISO standards could be published, for example, by ISO/IEC JTC 1/SC 42 (Guidance on Al

related to ethical and societal concerns).

* Production Optimization: Al can optimize production rates by analyzing real-time data from
multiple sources, including production sensors, weather conditions, and market demand. This en-
ables operators to make informed decisions on adjusting production levels and scheduling main-
tenance activities. These could, for example, be done under the “Feedstock Acquisition”, “Opera-
tions” and “Product Sales” models in Figure D1. The relevant ISO standards could be published,
for example, by ISO/TC 184/SC 1 (Device Control) or ISO/TC 184 (Automation).

63Gee https://bit.1y/3P9Bb4S for details on a plant life-cycle model.
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* Robotics and Automation: Al-powered robots and autonomous systems are used for various tasks,
such as pipeline inspection, maintenance, and hazardous operations. These technologies improve
safety by reducing the need for human intervention in potentially dangerous environments. These
could, for example, be done under the “Performance Analysis” and “Operations” models in Figure
D1. The relevant ISO standards could be published, for example, by ISO/TC 299 (Robotics).

* Biometrics and Natural Language Processing: Al techniques enable the extraction and analy-
sis of information from unstructured data sources, such as technical documents and reports from
various vendors, or facial recognition and security services for restricted access. This helps in gath-
ering insights, identifying trends, and making informed decisions based on a vast amount of in-
formation. These could, for example, be done under the “Procurement & Subcontracting” model
in Figure D1. The relevant ISO standards could be published, for example, by ISO/TC 184/SC 4
(Industrial Data), ISO/IEC JTC 1/SC 37 (Human Biometric), or ISO/IEC JTC 1/SC 22 (Programming

Languages).

» Safety and Risk Management: Al is used for risk analysis and safety management, helping to iden-
tify potential hazards and mitigate risks. It can also analyze historical data and real-time conditions
to predict safety incidents and enable proactive measures. These could, for example, be done un-
der the “Performance Analysis” and “Demolishment & Disposal” models in Figure D1. The relevant
ISO standards could be published, for example, by ISO/TC 199 (Safety).

The above list outlines the applications of Al in a typical oil and gas production facility. It is crucial
to note that throughout the entire lifespan of a facility, starting from conceptual design, through engi-
neering and construction, to ongoing operations and maintenance, the exchange of information among
the involved parties is imperative. Accomplishing this on a global scale and across all software systems
utilized in the process industries is an immensely challenging task. The relevant ISO standards could be
published by ISO/TC 184/SC 4 (Industrial Data). To provide an example of how standardization of data
that AI models rely on, we use ISO standard 15926 on the integration of life-cycle data for oil and gas

production facilities.
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Appendix Figure D1. A Plant Life-cycle Model For oil and gas production facilities

The figure portrays a plant’s Life-cycle (Activity) Model, crucial in industries such as oil and gas production. It offers a comprehensive overview of a plant’s life stages,
encompassing everything from inception and planning to design, construction, operation, maintenance, and ultimate decommissioning. This model fosters a complete
understanding of the plant’s lifecycle, enabling more informed decisions, enhancing sustainability, and bolstering efficiency at each stage. For a more detailed view of the figure
and related information, please refer to the provided link: https://15926.0rg/topics/plant-1lifecycle-model/index.htm.
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ISO 15926 provides standards for data integration, sharing, exchange, and hand-over between com-
puter systems.®* Suppose, for example, that operations of a gas production plant heavily depend on
the performance of a 101-pump (see, e.g., https://bit.1ly/42Arf7u). The facility therefore actively
collects data on the performance of the pump, reports to the regulators, and runs a machine learning
algorithm to predict potential failures or maintenance needs. How is the data collected by the facility
reported and standardized for safety? ISO 15926 allows different plants with different pumps to report
their data and predictions to interested parties in a readable and explaninable way. Each data point is
linked with a knowledge graph (e,g, pump id 1 is linked with heat 100 F and timestamp January 1st, 2024
etc.) and shared with regulators in the correct way following, for example, https://bit.1ly/3N1pHKn
and https://bit.1ly/3NpGNa7.%

D.4 Bias in Al Systems and Al-Aided Decision Making

Al systems are becoming more prevalent in various industries, including finance, IT, defense, healthcare,
and others, where they play a greater role in corporate decision-making. However, it is important to rec-
ognize that these systems are susceptible to biases that can arise unintentionally within their algorithms
or be introduced through biased training data (see Caliskan et al. (2017), for example). One relevant ISO
standard that addresses bias in Al systems is ISO/IEC TR 24027:2021. This standard, published by the
International Organization for Standardization (ISO), provides guidelines for identifying and managing
bias in Al systems. It emphasizes the importance of understanding and assessing the potential biases
that can arise at different stages of the Al system’s lifecycle, including data collection, algorithm design,
and system deployment. By following the guidelines outlined in this standard, organizations can proac-
tively mitigate bias and promote fairness in their Al systems.

Autonomous vehicles (AVs) serve as a prime example of how Al-aided decision making and bias
can significantly impact outcomes. AVs have the potential to revolutionize transportation by enhanc-
ing safety and efficiency. Nevertheless, they encounter challenging scenarios where they must make
complex choices, such as prioritizing passenger safety or minimizing harm to pedestrians. Designing
algorithms to govern these moral decisions is a complex endeavor that incorporates societal values and
preferences. What ethical principles guide the decision-making process of machine learning algorithms?

Experiments conducted by Bonnefon et al. (2016) have demonstrated that people generally approve
of AVs that prioritize the greater good, even if it means sacrificing the passengers based on experiments
like the one shown in Figure D2. However, when it comes to their own safety, individuals prefer AVs that
prioritize their well-being over others. This discrepancy in preferences poses a challenge in designing
Al systems that align with societal values while also considering individual preferences. They also drive
uncertainty regarding Al investments and along with potential litigation risk. It's not immediate what
the ethical standards should be in this scenario, but a systemic way of measuring the influence of data

biases on the machine learning algorithms can still be helpful.

64see https://bit.1ly/3qJulUs and https://bit.1ly/3p60DNY for details.
65Also see the slides at https://bit.1y/3NoiWY7.
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Appendix Figure D2. Moral Machine Experiment

Image taken from the Moral Machine Experiment—see for example Bonnefon et al. (2016)—, which presents an intriguing survey
that explores the ethical dilemma faced by autonomous vehicles. The experiment raises the question of whether the vehicle
should prioritize the lives of individuals inside the vehicle or those of pedestrians. To delve deeper into the details of this
thought-provoking experiment, visit the official website at https://www.moralmachine.net/.

What should the self-driving car do?
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By following the guidelines outlined in ISO/IEC TR 24027:2021, firms in the AV industry can work
towards developing AV systems that are fair, transparent, and accountable. The standard promotes the
use of metrics to assess bias and fairness, allowing organizations to evaluate and improve their AV sys-
tems. For example, in section 3.2 of the document, it provides clear definitions for automation bias,
bias, human cognitive bias, confirmation bias, data bias, and statistical bias, which are helpful for the
manufacturers to fix bias in their machine learning models by following a universally accepted norms.
Implementing the recommendations from ISO/IEC TR 24027:2021 can therefore help promote safety,
equity, and public trust. By addressing bias, the standard can contribute to the wider adoption of AV
technology by alleviating concerns about unfair decision-making and potential negative impacts on dif-
ferent stakeholders, such as passengers and pedestrians. Ultimately, the standard can help shape the
development and deployment of AVs that prioritize ethical considerations, enhance public safety, and
minimize societal harm.

Figure D3 further illustrates a pseudo code, which is a simplified version of a computer program, de-
signed to save the lives of children in vehicle crashes. As shown, the code uses programming languages
to process collected data. It identifies key features from this data through a process called feature extrac-
tion. These features are then used in modeling to predict and respond to crash scenarios, specifically
focusing on protecting children. However, predicting such events isn't always perfect, and the pseudo
code includes assumptions about possible errors in its predictions. The accuracy and safety of this pro-

gram depend heavily on the standards set by the shown ISO committees, which ensure that the tech-
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nology meets international safety and quality guidelines. These standards are crucial in making sure the

program not only functions correctly but also reliably saves lives in real-world situations.

Appendix Figure D3. Pseudo Code: AI-Driven Child Safety Protocol in Vehicle Crashes

This figure shows a pseudo code aimed at child safety in vehicle crashes, utilizing programming languages to process data and
feature extraction for critical safety factors. It models crash scenarios to protect children, acknowledging potential prediction
errors. The program’s effectiveness is rooted in adherence to ISO standards, ensuring global safety and quality compliance,
crucial for saving young lives.

ISOSC22 &7
Programming Lang. & Software

ISOSC32 &4

. Data Interchg. & Ind. data
Algorithm: DecideActionForVehicleWithModel

Input: List of objects detected (pedestrians, vehicles, walls, etc.), StatisticalMode

Begin
Set childDetectedPrediction = False ISOSC 17 & 37
Set action = "Save Passengers" Personal Identification
Set predictionErrorThreshold = 0.10 // Example error threshold & Human Biometrics
// Collect features from detected objects ° @ ®

objectFeatures = ExtractFeatures(List of objects detected)

/I Use the statistical model to predict the likelihood of a child being prese ISO SC 42
childPresenceProbability = StatisticalModel.Predict(objectFeatures Machine Learning Alg.

// Determine if the prediction exceeds the threshold, considering error
If childPresenceProbability > (0.50 + predictionErrorThreshold) then

Set childDetectedPrediction = True ‘oo
End If

// Decide action based on the prediction
If childDetectedPrediction == True then
Set action = "Swerve and Hit Wall"

Else °9
Set action = "Save Passengers" . ISOSC1&TC 184
End If Device Ctrl. &

Return action Automation

End

Function: ExtractFeatures(objects)
/I Process the list of objects and extract relevant features for the model
// This can include size, shape, movement patterns, etc.
// Return a structured format of features

End Function
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