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Abstract

We study how exposure to automation affects the nature and level of corporate innova-
tion, which informs how innovation begets innovation. We document that firms with high
robot exposure alter their technological focus over time and shift innovative activities to-
wards AI which automation naturally complements through data accumulation. The shift
is more pronounced for firms with greater data generation or prior AI-related research
experience. Because AI patents are more costly (e.g., in labor input), albeit more general
and original, firms with high automation experience a significant rise in R&D expendi-
ture but an initial drop in patent quantity, before benefiting. Our findings not only resolve
the puzzle that globally firms invent less despite the greater research effort amidst rising
automation, but also provides insights on the heterogeneous paths of innovation, all of
which we rationalize in a parsimonious dynamic equilibrium model.
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1 Introduction

The rapid diffusion of automation technologies—frequently dubbed the Fourth Industrial Revolu-

tion by industry leaders and the media—has fundamentally reshaped global production systems and

sparked widespread public debate about its economic implications.1 In particular, a growing body of

research has documented the effects of automation on labor share, job displacement, wage dynam-

ics, income inequality, and capital structure (e.g., Forbes, as well as Acemoglu and Restrepo 2020;

Cheng et al. 2024). Yet, little is known about the implications of automation for corporate innova-

tion—the very engine of long-run economic growth, as emphasized in Romer (1986), Aghion and

Howitt (1992), and Mokyr (2011).

This article seeks to fill this gap by providing the first empirical evidence on how firm-level expo-

sure to industrial robots and automation affects the direction, composition, and intensity of innovation

over time. Using novel micro-level, text-based metrics, our analysis moves beyond existing literature

focusing on innovation output levels to also examine how automation reshapes the orientation of in-

novation pursued by firms—whether firms deepen their expertise in existing technological domains

or pivot toward entirely new fields, and the aggregate implication of such reorientation. In doing

so, we offer novel insights into the reallocation of innovative effort under technological disruption

and contribute to a broader understanding of firm dynamics in the age of intelligent machines. In

particular, we highlight the complementarity between automation and AI, and document a pattern

suggestive of an innovation “J-curve”—automation-induced innovation shifts to complementary do-

mains such as AI incur high costs without immediate benefits, analogous to the productivity “J-curve”

(e.g., Brynjolfsson, Rock, and Syverson 2021).

We start by extracting textual information from firms’ 10-K filings to quantify their automation

(interchangeably, robot) as the frequency of refined robot-related keywords normalized by total word

count. This standardized metric for firm adoption and integration of robotic technology overcomes

the limitations of industry-level proxy methods used in previous studies (e.g., M. B. Zhang 2019;

Acemoglu and Restrepo 2020). Using an instrumental variable induced by the demographic changes

1As described for the background of the 2025 Nobel Prize in Economics,, the world has witnessed more economic
growth than ever before over the past 200 years, the foundation of which is the constant flow of technological innovation.
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in the European Union as in Acemoglu and Restrepo (2022), we study a plausibly causal link between

automation exposure and innovation activities going forward. We find that firms with high robot

exposure experience a notable shift in innovation focus from non-AI to AI-related technologies, a

transition accompanied by a marked decline in patenting activity and a sharp rise in R&D expenditure.

Upon closer scrutiny, the short-term reduction in innovation output is offset by greater generality and

originality of innovation, underscoring the resource reallocation required for AI-driven innovation.

Our paper therefore offers initial insights into how innovation begets innovation.

Specifically, we start by examining the general trends in firms’ technological shift using two com-

plementary metrics: (i) Technology Similarity captures continuity in a firm’s patent portfolio com-

position by representing each portfolio as a vector in a space with basis dimensions corresponding

to the firm’s patent activity across categories. To track the evolution of a firm’s technological focus,

we construct annual patent distribution vectors over a five-year horizon and apply cosine similarity to

assess its changes over time. (ii) Semantic Similarity leverages PatentBERT—a large language model

specifically fine-tuned for generating semantic representations of patent texts—to detect subtle shifts

in innovation themes, allowing for more precise year-over-year comparisons of innovation content

beyond classification-based analyses.

Our empirical analysis reveals that heightened automation exposure drives a strategic reorienta-

tion of firms’ innovation activities. Firms with greater robot exposure experience a decline in both

technology similarity and semantic similarity, highlighting firms’ adaptive recalibration in response

to technological advancements. The findings remain robust across various alternative measures of au-

tomation exposure, including the industry-level metric proposed by Acemoglu and Restrepo (2019),

as well as alternative instrumental variable approaches, such as the shift-share instruments discussed

in Borusyak, Hull, and Jaravel (2022).

Next, we visualize the relative shifts in innovation direction across firms, finding that those with

high automation increasingly patent in fields closely linked to AI. Building on this observation, we fo-

cus on AI as a key technological domain toward which innovation reorients in response to automation.

The shift appears to be driven by two main factors: first, AI enhances robotic functionality by improv-

ing operational capabilities; second, AI benefits from the extensive data generated by robots, creating

a self-reinforcing cycle of AI-driven advancements. These patterns provide preliminary evidence that

3



AI is a primary area of technological adaptation under increased automation.

To explore AI-focused innovation, we employ a keyword-plus-CPC approach to empirically iden-

tify AI-related patents. Specifically, we classify a patent as AI-related if its abstract contains at least

one AI-specific keyword, as in Cockburn, Henderson, and Stern (2018), or if its primary and/or sec-

ondary Cooperative Patent Classification (CPC) codes match those identified by WIPO (2019) as

corresponding to AI technologies. This approach addresses the limitations of the CPC system, which

does not explicitly distinguish between AI and non-AI patents.

Beyond binary AI-versus-non-AI classification, we further invent two complementary metrics: AI

closeness and distance. These measures quantitatively assess a patent’s proximity to a conceptual

“representative” AI patent, constructed by aggregating AI patents to mitigate the influence of out-

liers. Leveraging a patent-to-patent citation network, AI closeness measures the similarity in citation

patterns between a given patent and the AI archetype, providing a more granular assessment of AI

relevance, while AI distance captures the citation-network distance between a given patent and the

“representative” AI patent. In addition to these relative measures, we also examine the absolute num-

ber of AI patents as a robustness check, evaluating whether firms’ AI patenting activity increases in

response to automation exposure.

Our findings reveal a clear and robust pattern: greater robot exposure is associated with a signif-

icant increase in patent closeness to AI-related technologies, alongside a corresponding reduction in

patent distance from AI innovations. In addition, firms with high robot exposure are more likely to

produce a greater number of AI-related patents in subsequent years, indicating a strategic shift to-

wards AI-driven innovation. To assess the persistence of this innovation shift, we further analyze its

dynamics over time. The results show that both AI closeness and the number of AI patents remain

elevated even three years after initial robot exposure, indicating that the transition towards AI-focused

innovation is not transitory.

Concerning the underlying mechanism driving this transition, our textual analysis reveals that

firms with heightened robot exposure experience a surge in data-generation activities, pointing to a

production externality. This is consistent with Acemoglu and Restrepo (2020), who find that automa-

tion primarily substitutes for low-skill labor, making tasks more standardized and codifiable—thus

enabling the generation of richer, more structured data. Larger firms, in particular, show the greatest
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data gains from robot exposure, consistent with their superior ability to scale non-rival data. This

piece of empirical evidence suggests that firms strategically reorient their innovation efforts towards

AI as a direct response to the integration of robotics, leveraging data-driven insights to accelerate AI

advancements.

For robustness and more granular analyses, we use two alternative AI measures. The first is the

USPTO AI dataset, which applies a machine learning model to classify U.S. patents and categorizes

AI technologies into eight subclasses: machine learning, evolutionary algorithms, natural language

processing, speech processing, vision processing, knowledge representation, planning and control

algorithms, and hardware. The second is the AI patent dataset by H. Fang et al. (2025), who improve

upon the USPTO classification by fine-tuning a domain-specific language model that achieves over

90% precision and recall. We find that firms with higher robot exposure exhibit innovation growth

across all eight AI subclasses.

In addition to the direction of innovation, we explore how automation exposure influences general

innovative activities, including both their inputs and outputs, which is unclear a priori. Concerning in-

novation outputs, we find a pattern suggestive of a J-curve–type dynamic, with a short- to medium-run

decline followed by partial attenuation in the longer run in citation-weighted patent counts. Specifi-

cally, as robot exposure intensifies, the cumulative number of patents declines in the first two years,

although the magnitude of the decline gradually diminishes over time. By the fifth year, the coefficient

on robot exposure turns positive, and by the sixth year, the estimates suggest a moderate increase in

the number of patents. This pattern suggests that firms initially experience a contraction in patent

outputs as they adapt to automation, but this adjustment phase is followed by a recovery period in

which innovation accelerates.

Concerning innovation inputs, we document a uptick in R&D investments, accompanied by a

short-term decline in patent outputs following increased automation exposure (a pattern consistent

with R&D’s dual role in knowledge creation and absorptive capacity; see Griffith, Redding, and

Van Reenen 2003). Specifically, our instrumental variable regression reveals a pronounced increase

in R&D expenditure relative to total assets and sales, with a one-standard-deviation rise in robot

exposure corresponding to 10.4% and 38.5% increases in the R&D-to-total assets and R&D-to-sales

ratios, respectively. These shifts are statistically significant with substantial economic implications,
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especially when contrasted with the mean R&D-to-total assets and R&D-to-sales ratios of 44.9%

and 11.6%. The findings are also consistent with Babina et al. (2024), who demonstrate that AI

investments stimulate firms’ long-term innovation output by increasing R&D expenditure without

generating immediate effects. Policymakers and firms therefore need to be patient with the long-term

investments associated with such innovation shifts.

This puzzling gap between R&D spending and patenting may be attributed to the more founda-

tional research with greater generality and originality, the high transition costs of specialized human or

fixed capital investments required for new technology fields (McElheran et al. 2025), and the elevated

marginal costs associated with these new research areas (Jones 2009). Specifically, the transition of

firms to AI, particularly in cutting-edge machine learning or large models, is costly, but enables break-

throughs in fundamental science and technology (Jumper et al. 2021). Mezzanotti and Simcoe (2023)

show that patenting is more closely tied to development than research. Therefore, if the increase in

R&D is predominantly driven by more exploratory, original, and fundamental work—typically asso-

ciated with the “R” in R&D—it is plausible that firms may be investing more in R&D while patenting

fewer, albeit higher-quality, patents. Adopting the methodology in Hall, Jaffe, and Trajtenberg (2001),

we indeed find that AI patents exhibit significantly higher levels of both generality and originality.

To further dissect the impact of transition costs on innovation shift, we delve into the potential

mitigating effect of prior AI research experience. The premise is that familiarity with AI could ease

the burdens of human capital acquisition during such a strategic pivot. Thus, we anticipate that firms

with a rich background in AI research prior to 2004 would demonstrate a more pronounced shift

towards AI-related innovations than their less experienced counterparts. Our analysis demonstrates

empirically that firms with extensive AI research history indeed undergo greater innovation shift, as

reflected in increased closeness to and decreased distance from AI-related patents.

Our investigation also touches upon the nuanced cost dynamics of AI-related innovation relative

to non-AI fields, employing a series of metrics designed to gauge the marginal costs of innovation.

This follows the approach of Jones (2009), who develops a theory to explore the implications of

technology-specific human capital for technological progress. Our analysis reveals that AI innova-

tion, compared to its non-AI counterparts, involves more team collaboration, greater labor input from

growth-oriented inventors, and higher levels of inventor originality. In addition, AI patents tend to
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generate higher value. These findings further corroborate the idea that automation exposure spurs

firms to focus more on fundamental and large-scale innovations, which require greater inputs and

take longer to yield observable outputs.

We demonstrate the robustness of our core findings through an array of additional tests involving

alternative constructions of key variables, providing heuristic evidence on the validity of IV estimates

(excluding common shocks and pre-existing trends, and including alternative IVs and falsification

tests), controlling for the Alice decisions, and varying sample specifications. We also build a dy-

namic general equilibrium model to understand the underlying forces driving innovation shift amidst

increasing automation and to rationalize the aforementioned empirical observations and our empirical

construction of automation exposure. The model accommodates firms with varying degrees of au-

tomation exposure and allows for endogenous innovation choices. Firms engage in a range of tasks,

with a subset automated and the remainder performed manually. Crucially, firms can innovate across

these tasks, applying patented technologies to bolster task productivity. We show that the escalation

in robot exposure, or more broadly automation, propels firms to recalibrate their innovation efforts to-

wards domains that either enhance robot utilization or augment the efficiency of automated processes,

given that innovations in tasks subject to automation act in synergy with existing robotic technologies.

Overall, our work adds to studies concerning multi-dimensional technological progress, particu-

larly how market size and factor environments shape innovation incentives and technological direc-

tion. Prior research highlights the role of public innovation incentives (Finkelstein 2004), state-driven

technology procurement (Beraja, Yang, and Yuchtman 2023), demographic fundamentals expanding

demand (Acemoglu and Linn 2004; Costinot et al. 2019), labor-supply pressures (Acemoglu and Re-

strepo 2022), macro shocks reallocating inventive effort (Bloom, Davis, and Zhestkova 2021), social

networks and homophily (Einiö, Feng, and Jaravel 2019), and innovation congestion and crowding ex-

ternalities (Hopenhayn and Squintani 2021). Against this backdrop, we emphasize the role of recent

automation adoption as a catalyst for shifting innovation toward AI. We document a technological

complementarity between automation and AI, consistent with evidence of similar complementari-

ties between data and AI (Eisfeldt, Schubert, and M. B. Zhang 2023), and and a pattern suggestive

of an innovation “J-curve,” in which legacy-field patenting declines before new innovative capacity

materializes.

7



Our article also adds to studies resolving the puzzling decline in research productivity (e.g.,

Griliches 2009). In particular, Jones (2009) develops a theory of technology-specific knowledge

accumulation, suggesting inventors’ increasing demand for knowledge and learning to approach the

innovation frontier. Bloom et al. (2020) employ industry-level case studies to similarly illustrate

significant increases in research efforts despite stark declines in research productivity. We provide

empirical evidence and microfoundation for these narratives. Innovation shifts prompted by automa-

tion—notably, towards AI-related fields—offer a tangible lens to view and understand part of the

puzzle of declining research productivity. The shift in endogenous innovation, while strategically

beneficial in the long run, can manifest itself in the seeming reduction of research productivity ob-

served across industries.

Finally, our study enriches the discourse on the determinants of corporate innovation, which range

from institutional and legal frameworks to market structures and individual corporate attributes. Re-

cent studies have emphasized intellectual property regimes (L. H. Fang, Lerner, and C. Wu 2017),

labor and bankruptcy laws (Acharya and Subramanian 2009; Acharya, Baghai, and Subramanian

2014), taxation (Akcigit et al. 2022), the evolution of the financial market (Hsu, Tian, and Xu 2014;

Malamud and Zucchi 2019), market characteristics (Bloom, Schankerman, and Van Reenen 2013;

Autor and Salomons 2018; De Bettignies et al. 2018), and specific corporate traits (Bena and K. Li

2014; J. Sunder, S. V. Sunder, and J. Zhang 2017; Frésard, Hoberg, and Phillips 2020) in shaping the

innovation landscape. Our work adds a critical dimension by analyzing how technological progress

directly influences firm innovation strategies, focusing on automation as a pivotal force reshaping

industry-wide innovation patterns. While conventional analysis focuses on aggregate patent outputs,

our novel metrics tracing the evolution of patent distributions across technological domains allow us

to uncover nuanced patterns in how innovation shifts reallocate patenting activity across fields.

The remainder of the paper is structured as follows. Section 2 describes the data sources and

empirical strategies. Section 3 presents the baseline results on how rising exposure to robotics drives

shifts in firms’ innovation direction. Section 4 explores the aggregate implications of these innova-

tion shifts for the broader technological landscape. Section 5 reports robustness checks. Section 6

introduces a theoretical framework that rationalizes our findings. Finally, Section 7 concludes.
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2 Data, Variables, and Empirical Strategy

2.1 Data Description

Our empirical analysis draws on several data sources, which we describe below.

Patents. Patent-related data are obtained from the United States Patent and Trademark Office (USPTO),

which provides comprehensive information on all patents granted in the U.S. since 1976.2 We use data

on patent applications and grants to measure firm-level innovation output. Following Kerr (2008) and

Kogan et al. (2017), we use the application year to construct annual patent counts, mitigating the

distortions caused by the often-lengthy lag between application and grant. We link patent records to

publicly listed firms using the methodology developed by Kogan et al. (2017), enabling consistent

firm-level matching with financial variables.

Automation. As data on industrial robot installations are available exclusively at the industry level,

prior studies estimate firm-level exposure to automation using industry-level data on robot installa-

tions from the International Federation of Robotics (IFR) combined with Compustat segment-level

sales data (e.g., M. B. Zhang 2019; Acemoglu and Restrepo 2020). We similarly construct robotics

exposure from two complementary sources. At the industry level, we use data from the IFR, which

compiles annual records of industrial robot installations reported by leading global manufacturers.

The IFR data cover approximately 90% of industrial robot installations across countries including the

United States, Finland, Sweden, Denmark, Italy, and France. At the firm level, we extract relevant

keywords and mentions of robotics usage from 10-K filings of U.S. publicly traded firms, to capture

direct textual narratives of automation exposure.

Industry-level controls. We supplement our core data with industry-level information from the Bu-

reau of Labor Statistics (BLS), including wages, employment, and price indices, as well as investment

and production data from the Bureau of Economic Analysis (BEA). For instrumental variable con-

struction, we use cross-country data from the EU KLEMS Growth and Productivity Accounts, which

2Data available at USPTO Patent Data.
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provide industry-level measures of labor, capital, materials, energy, and services inputs across Euro-

pean economies. Unless otherwise noted, we classify industries using two-digit Standard Industrial

Classification (SIC) codes.

Firm-level financials. We obtain firm-level financial and operational variables from the Compustat

North America, including R&D intensity, total assets, debt ratios, firm age, return on assets (ROA),

and asset tangibility. We also incorporate Compustat Segment data to extract detailed information on

firms’ industry and revenue composition.

Our sample covers the period from 2004, the first year when IFR provides data on industrial robot

installations in the United States, to 2019, the latest year for which IFR data are available when we

began our analysis. As is standard in the literature, we exclude firms in the financial and utility sec-

tors due to their distinct regulatory and operational environments. We also drop foreign-incorporated

entities and retain only firms that have applied for at least one patent during the sample period. Fi-

nally, we drop firm-year observations with missing key financial variables. Table A1 summarizes the

composition of the final sample, which is restricted to publicly listed firms that can be linked to their

SEC 10-K filings (via CIK identifiers).3 The table reports the number of such firms, the annual share

of firm-year observations with at least one patent, and the total number of patents. Notably, close to

half of the firm-year observations have at least one patent, indicating a relatively innovation-intensive

sample.

2.2 Automation and Robots

Measuring firm-level robot exposure. Prior studies such as M. B. Zhang (2019) and Acemoglu and

Restrepo (2020) infer firm-level robot exposure from industry-level data on robot installations pro-

vided by the IFR. Robot exposure is defined as the number of industrial robots per thousand workers

in each industry, weighted by the firm’s sales composition across segments. The resulting firm-level

measure is given by:

Robot ExposureIFR
it = ∑

k

Salesikt

Salesit
× Robotskt

Workerskt
, (1)

3The construction of the text-based automation exposure measure using 10-K filings is described in the next section.
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where Salesikt denotes the sales of firm i in industry segment k in year t, and Salesit is the firm’s total

sales in the same year. The term Robotskt
Workerskt

captures the industry-level intensity of robot adoption in

segment k at time t.

One potential concern is that firms may operate in few segments, leading to a limited within-

industry variation. To address this concern, we conduct textual analysis on 10-K filings, leveraging

the Generative Pre-trained Transformer (GPT) model. Specifically, we construct a firm-level robot

exposure measure by identifying mentions of robot-related keywords in 10-K filings from 2004 to

2019. These filings provide comprehensive disclosures on firms’ business activities and have been

shown to be effective for measuring firm behaviors and characteristics through textual analysis, as

demonstrated by prior research such as Hoberg and Maksimovic (2015).

We follow a three-step approach to measure firm-level robot exposure:

(i) Keyword selection and refinement: We first compile a comprehensive set of keywords based

on prior literature (Acemoglu and Restrepo 2019; Acemoglu and Restrepo 2020; Acemoglu and Re-

strepo 2022; Graetz and Michaels 2018; Caselli and Manning 2019; Dixon, Hong, and L. Wu 2021;

Koch, Manuylov, and Smolka 2021; Guerreiro, Rebelo, and Teles 2022) and further refine it using

definitions from IFR reports.4 In addition, we exclude terms related to the sale of industrial robots

to ensure that our measure focuses on adoption and integration rather than commercial transactions.

The finalized keyword list is presented in Table A2.

(ii) Contextual validation using GPT: Next, we extract sentences containing the identified key-

words from 10-K filings and use OpenAI’s ChatGPT (GPT–4)5 to assess their relevance to robot

adoption. Specifically, we design prompts that instruct ChatGPT to determine whether a sentence

indicates the firm’s actual and current use of robots, explicitly excluding forward-looking or planned

adoption. Only sentences classified as relevant are retained for further analysis, ensuring that our

study focuses on meaningful references from corporate disclosure.

(iii) Construction of the robot exposure measure: Finally, firm-level robot exposure is then

4For details, see IFR Industrial Robots.
5We use the OpenAI API with the following settings: temperature = 0, top p = 1, max tokens = 256,

presence penalty = 0, and frequency penalty = 0. The system prompt is: “You are an expert in indus-
trial automation and SEC reporting.” The user prompt is: “Given the sentence below extracted from a firm’s 10-K filing,
indicate whether it provides direct evidence that the firm has adopted or currently uses physical robots in its operations
(excluding statements about future plans, intentions, or potential adoption). Answer #Yes or #No and briefly justify.”
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measured based on the frequency of these keywords in 10-K filings, normalized by total word count

to account for document length variations:

Robot Exposureit = ∑
w

Robot Word Countwit

Total Word Count it
, (2)

where Robot Word Countwit represents the occurrences of keyword w for firm i in year t, and Total

Word Countit is the total number of words in the firm’s annual report text.6 The resulting measure is

then standardized across all U.S. firms with available data to have a mean of 0 and a standard deviation

of 1, facilitating cross-sectional and temporal interpretations.

Validity and robustness of robot exposure measure. To validate our robot exposure measure, we

implement two empirical tests. First, we examine the correlation between our firm-level robot ex-

posure measure (aggregated to the industry-year level) and actual industry-level robot adoption con-

structed by Acemoglu and Restrepo (2020). Figure I illustrates this relationship.7 We find a positive

correlation between our exposure measure and the observed robot-per-worker metric, providing some

supporting evidence for the validity of our proxy as a measure of real-world robot adoption.

Second, to assess the robustness of our text-based construction, we evaluate the sensitivity of the

measure to the choice of keywords using a leave-one-out procedure. This test iteratively excludes

each keyword from the construction of the exposure score to evaluate whether any single term dispro-

portionately influences the results. The measure remains stable across all iterations without significant

deviations, thereby demonstrating robustness to keyword selection. To further ensure robustness, we

explore several alternative constructions of the robot exposure measure. These results are presented

6Automation- and robotics-related disclosures are typically concentrated in Item 1 (Business) and Item 7 (MDA) of
firms’ annual reports. As a robustness check, we restrict the analysis to these sections and recompute keyword frequencies
and total word counts accordingly.

7Industry-level robot intensity is calculated as the number of robots per worker, using robot installation data from
the International Federation of Robotics (IFR) and employment data from the Bureau of Labor Statistics (BLS). Due
to discrepancies in industry classification systems between the IFR and BLS datasets, we manually align 15 industries
following the approach of Acemoglu and Restrepo (2020). These include broad sectors such as Agriculture, Forestry,
and Fishing; Mining and Quarrying; Electricity, Gas, and Water Supply; Construction; Education; and R&D, along with
nine manufacturing industries including Food and Beverages, Textiles, Wood and Furniture, Paper and Printing, Plastics
and Chemicals, Glass and Ceramics, Basic Metals, Metal Machinery, Electrical/Electronics, and Automotive and Other
Vehicles. Furthermore, because IFR reports robot installations jointly for the U.S., Canada, and Mexico prior to 2011, we
follow Acemoglu and Restrepo (2020) in using combined North American data, as the U.S. accounts for over 90% of the
region’s industrial robot market.
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and discussed in Section 5.2.1.

Beyond issues of validity and robustness, a further concern is whether robot adoption exhibits

a lumpy investment pattern—characterized by large, discrete investments in a single year followed

by little to no subsequent adoption. Such patterns stand in contrast to technologies like artificial

intelligence, which are typically adopted more incrementally over time (Babina et al. 2024), and may

complicate the identification of sustained versus one-off effects on firm-level innovation. Humlum

(2019) documents such lumpiness among Danish firms.

To assess whether lumpy adoption patterns characterize the U.S. context, we examine the temporal

dynamics of robot exposure across firms in our sample. Figure A1 shows the annual distribution of

robot exposure among U.S. firms, revealing an increasing trend with moderate year-to-year variation.

To further investigate the persistence of adoption, we identify the top decile of firms with the largest

annual increases in robot exposure and track their exposure changes in the following year. Figure A2

indicates that firms experiencing greater increases in exposure in one year often continue to exhibit

noticeable changes—both increases and decreases—in subsequent years.

Taken together, these results suggest that robot adoption, and consequently automation, among

U.S. firms does not follow a predominantly lumpy pattern but rather reflects a more continuous and

dynamic process. This observation supports the empirical identification of sustained effects of au-

tomation on firm behavior over time.

2.3 Identification Strategy and Instrumental Variable

We face two primary identification challenges. First, firms engaged in active innovation may be

more likely to discuss robotics in their public disclosures, leading to measurement-induced reverse

causality. Second, the adoption of robotics may be endogenous to broader structural or technological

changes within firms or industries, thereby confounding causal inference.

Instrument construction. To mitigate these concerns and establish causal identification, we im-

plement an instrumental variable (IV) strategy that builds on the approach introduced by Acemoglu

and Restrepo (2020). Specifically, we exploit variation in demographic-driven robot adoption across

advanced European economies—Denmark, Finland, France, Italy, and Sweden—where population
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aging has long been a salient factor in shaping automation trends. These countries were among the

earliest adopters of industrial robots, and demographic pressures have sustained high robot density

since the 1990s. As Acemoglu and Restrepo (2020) argue, these early demographic shifts in Europe

provide predictive power for subsequent patterns of robot diffusion in the United States.

We construct the instrument using industry-level robot usage data from IFR and employment data

from the EU KLEMS Growth and Productivity Accounts. Due to differences in industry classification

across these datasets, we manually reconcile and align 15 industries (SIC15), as detailed in Table A3.

The instrumental variable for firm i in year t is defined as:

Robot ExposureIV
it = ∑

k

Salesikt

Salesit
×

RobotsEU
kt

WorkersEU
kt

, (3)

where Salesikt denotes the share of firm i’s sales in industry k in year t, and RobotsEU
kt and WorkersEU

kt

represent the number of industrial robots and workers, respectively, in industry k in year t across the

selected European countries.

Validity and robustness of the instrumental variable. To assess the validity of our instrumental

variable strategy, we conduct a series of tests8—to evaluate the key exclusion restriction, i.e., that

robot adoption in European countries affects U.S. firm-level innovation outcomes only through its

influence on U.S. automation exposure.

First, Acemoglu and Restrepo (2022) provide compelling evidence that demographic aging is a

primary driver of robot adoption, and that aging trends vary substantially across countries. Their

findings show that the advanced robotics adoption observed in countries such as Denmark, Finland,

France, Italy, and Sweden is largely attributable to more rapid increases in the aging ratio relative

to the United States. These demographic shifts are exogenous to U.S. firms and generate plausibly

exogenous variation in international automation trends.

Second, we empirically rule out alternative channels through which European robot adoption

might influence U.S. firm innovation. In particular, we test for confounding industry-level shocks—such

as global price movements or industry-specific demand conditions—and the results provide limited

8See the regression results in, for example, Table I, as well as Section 5.1.
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support for the view that such factors are driving our findings.

Third, we confirm the absence of differential pre-trends using the approach of Acemoglu and Re-

strepo (2020). By examining the relationship between robot exposure and firm innovation outcomes

prior to 2004, we find no statistically or economically significant correlations. This result supports the

identification assumption that post-2004 variation is not simply a continuation of prior trends. As an

additional robustness check, we control for lagged values of the dependent variable from 1988 to 2003

to further mitigate concerns of omitted historical dynamics. We also implement a battery of formal IV

diagnostic tests, including the weak identification test, underidentification test, and endogeneity test.

Finally, we assess the robustness of our findings through several alternative specifications. These

include implementing a shift-share IV approach following Borusyak, Hull, and Jaravel (2022), in-

troducing time-trend adjustments to account for differential automation trajectories, and expanding

the set of EU countries used in constructing the instrument. Results across these specifications are

generally similar, suggesting that our identification strategy is reasonable.

3 Robot Exposure and Innovation Shift

Our first objective is to assess the influence of robot exposure on the innovation trajectory of firms,

explicitly investigating the extent to which increased exposure to robot catalyzes shifts in innovation

focus towards AI-oriented domains. To this end, we first examine the broader trends in the techno-

logical shift among firms. We then focus on the impact of robot exposure on firms’ propensity to

pivot their innovation efforts towards AI-related fields. Finally, we explore one potential mechanism

through which increased robot exposure drives a shift towards AI innovation.

3.1 General Innovation Shift

We construct vector representations of the patent portfolios of firms and use cosine similarity to

quantify changes in innovation direction over time. We implement two complementary approaches to

capture the various dimensions of technological content.
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Technology similarity. We first measure innovation shift using the distribution of patents across

technology classes, as classified by the USPTO’s Cooperative Patent Classification (CPC) system.

Among its hierarchical structure—30 two-digit, 126 three-digit, and 644 four-digit classes—we use

the 126 three-digit level to balance granularity with interpretability.

Let N denote the number of technology classes. For firm i in year t, its patent distribution is

represented by the vector Tit = (Ti1,t ,Ti2,t , . . . ,TiN,t)
′, where Ti j,t is the share of patents filed in class j.

To smooth annual fluctuations, we construct Tit using patents filed during the five-year window9 from

t −4 to t, and equally distribute a patent’s weight across all assigned classes.

Following Bloom, Schankerman, and Van Reenen (2013), we compute technology similarity as

the cosine of the angle between a firm’s patent distribution vectors at years t and t +5:

Tech Similarityit =
T ′

itTi,t+5√
T ′

itTit

√
T ′

i,t+5Ti,t+5

. (4)

This measure captures the persistence in a firm’s technological focus. Higher similarity indicates a

continuity in innovation domains, while lower similarity reflects a shift into new technological areas.

Semantic similarity. As an alternative to classification-based measures, we assess innovation sim-

ilarity by analyzing the textual content of patent abstracts, which encapsulate the core conceptual

contributions of each invention. Traditional approaches such as the bag-of-words (BoW) model quan-

tify word frequency distributions but fail to capture semantic and syntactic relationships, as they treat

words as independent and context-free. This limits their ability to represent the underlying meaning

of technological content.

To address these limitations, we implement a transformer-based natural language processing ap-

proach using PatentBERT (Bekamiri, Hain, and Jurowetzki 2021), a BERT-based language model

pre-trained and fine-tuned on a large corpus of patent documents. PatentBERT produces dense, 768-

dimensional embeddings for each abstract, offering a high-fidelity representation of its semantic struc-

ture.
9The choice of a five-year window for patent-based proxies is common in the literature; see, for example, Rothaermel

and Deeds (2004) and Hirshleifer, Hsu, and D. Li (2018).
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We compute a firm-level semantic innovation profile by averaging the embeddings of all patents

granted to firm i between t − 5 and t, weighted by forward citations to account for heterogeneity in

technological importance. Denoting this citation-weighted average embedding as Tit , we then measure

semantic similarity as the cosine similarity between Tit and Ti,t+5, consistent with Equation (4). This

metric captures the extent to which a firm’s innovation content remains aligned over time: higher

similarity indicates persistence in thematic focus, while lower values reflect a shift toward novel or

exploratory technological domains.

Empirical specification. To test whether higher robot exposure prompts firms to redirect their in-

novation efforts towards different technological domains, we estimate the following:

yit = β ×Robot Exposureit +X′
itγ +δi +ηt + εit , (5)

where, yit denotes the similarity of firm i between year t and year t +5. A lower value of yit indicates

a greater departure from the incumbent technological domains of the firm, consistent with a shift

towards new areas of innovation. The key independent variable, Robot Exposureit , is measured as

described in Section 2.2. The specification includes firm-fixed effects (δi) and year-fixed effects (ηt).

Firm-fixed effects control for time-invariant, unobserved heterogeneity across firms, whereas year-

fixed effects account for common temporal shocks, such as macroeconomic fluctuations or economy-

wide technological trends. These controls ensure that identification relies on variations within or

between firms over time. Xit includes standard control variables that vary over time, including the

size of the firm (log of total assets), the leverage (debt ratio to total assets), the age of the firm (log),

the profitability (return on assets, ROA) and the tangibility of assets (tangible assets as a proportion of

total assets). The error term, εit , captures unobserved shocks. Standard errors are heteroskedasticity-

robust and clustered at the firm level to account for within-firm serial correlation.

Results. Table I presents our main findings, indicating a shift in firms’ innovation trajectories asso-

ciated with increased exposure to automation. Columns (1) and (3) report the first-stage regression re-

sults, showing a significant positive association between the instrumental variable and robot exposure.

The weak identification test yields an F-statistic of 24.00, well above the conventional threshold of 10,
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alleviating concerns about weak instruments. Columns (2) and (4) report results using two measures

of technological similarity. We find that greater exposure to automation is associated with a decline in

both technological and semantic similarity relative to firms’ prior patent portfolios. The effect is more

pronounced for semantic similarity, with the coefficient in Column (4) statistically significant at the

5% level. Given that the mean technological similarity is 0.690, this represents a nontrivial reduction,

about 63% of the mean, suggesting that firms facing greater automation pressures are significantly

more likely to move away from their incumbent technological domains. Table A4 presents robust-

ness results from specifications with and without controls, and reports the coefficients on the control

variables. The estimates are broadly in line with the baseline findings.

3.2 AI-Oriented Innovation Shift

The initial findings indicate that firms with greater exposure to robots tend to adjust their inno-

vation strategies, moving away from their established technological domains. Next, we explore the

specific fields towards which these firms gravitate.

Innovation trajectory. To provide a clearer visualization of the evolution in innovation directions

over time, we classify firms into high- and low-robot-exposure groups and compute the annual rela-

tive frequencies of n-grams in their patent abstracts. We then visualize the differences using a word

cloud10 (Figure II), which suggests that, relative to low-exposure firms, high-exposure firms place

greater emphasis on software, electronics, machinery, and energy—domains that are often associated

with AI-related applications.11 Specifically, in 2010, n-grams such as “automated banking”, “trans-

mitting devices”, “interface object”, and “graphical program” emerge, which may reflect early signs

of potential AI-related integration. By 2015, the prevalence of terms like “turbine engine”, “gas tur-

bine”, “downhole tool”, and “drill bit” indicates a continued emphasis on mechanical and energy

10Specifically, we first classify firms into high and low robot exposure groups. We then preprocess each patent abstract
by converting text to lowercase, removing HTML entities, and eliminating non-alphabetic characters. After excluding stop
words, we construct contiguous 2-grams (and higher-order n-grams) and compute their annual frequencies separately for
the high- and low-exposure groups. Within each group, frequencies are normalized relative to the baseline year of 2004.
We then take the ratio of these normalized frequencies between the two groups and apply a natural log transformation to
obtain group-level log-ratios of n-gram prominence. The top-weighted log-ratios are visualized using a circular-masked
word cloud.

11Table A5 presents the 20 n-grams with the highest relative frequency, corresponding to the results in Figure II.
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technologies, some of which may incorporate AI-enabled monitoring, predictive maintenance, or au-

tomated control. By 2019, the presence of terms such as “transmission medium”, “syntax elements”,

“electromagnetic wave”, and “communications described” is consistent with a growing overlap be-

tween AI and communication or information-transmission technologies, where AI may play a role

in signal optimization, real-time decision-making, or large-scale data processing. This trajectory is

suggestive of a broader diffusion of AI-related techniques across a range of industrial domains.

Our analysis focuses on AI as a key technological domain toward which firms may redirect their

innovation efforts in response to rising robot exposure. Section 6 provides a model to formalize this

mechanism. The underlying intuition can be summarized as follows. From the return side, as automa-

tion expands the share of tasks performed by machines, it increases the marginal return to innovation

in automated processes, thereby raising the relative payoff of technologies—such as AI—that enhance

the productivity and functionality of robotic systems. From the cost side, robotic production generates

structured operational data that can be used to train and improve AI models, which may reduce the ef-

fective cost of AI innovation through learning and data-driven feedback. From a resource reallocation

perspective, given convex R&D costs, firms may reallocate innovation effort toward domains with rel-

atively higher returns and lower effective costs, leading to a gradual shift away from non-automated

technologies toward AI-related innovation. Taken together, these forces suggest a mutually reinforc-

ing relationship between automation and AI innovation, contributing to the increasing integration of

AI into firms’ innovation activities.

Identifying AI patents. A key challenge in identifying AI patents arises from the absence of

explicitly defined AI-specific classifications within the CPC system, mainly due to the broad and

rapidly evolving scope of AI. Previous studies have addressed this challenge primarily through two

approaches: (1) combining keyword searches in patent abstracts with CPC codes for identification

(Cockburn, Henderson, and Stern 2018; WIPO 2019); and (2) employing machine learning methods

trained on AI patent seed sets (Giczy, Pairolero, and Toole 2022; Miric, Jia, and Huang 2023; H.

Fang et al. 2025). Following this literature, we adopt the keyword-plus-CPC approach as our pri-

mary methodology for identifying AI patents, supplemented by the machine learning approach as a

robustness check. Specifically, we classify a patent as an AI patent if its abstract contains at least
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one keyword from a predefined set listed in Table A6, which is adapted from Cockburn, Henderson,

and Stern (2018), or if its primary and/or secondary CPC codes match those used by WIPO (2019) to

identify AI-related technologies.12

To validate our keyword-based approach for identifying AI patents, we conduct robustness checks

using two alternative datasets. The first is the USPTO AI patent dataset developed by Giczy, Pairolero,

and Toole (2022). While the USPTO dataset has the limitation of relatively modest classification

accuracy, it provides a valuable basis for more granular analyses due to its detailed categorization

of patents into AI subclasses. Specifically, the USPTO dataset is constructed by initially creating a

manually reviewed seed dataset to differentiate AI-related patents from non-AI patents. Subsequently,

a machine learning algorithm— the Long Short-Term Memory (LSTM) model—is applied to classify

the entire universe of U.S. patents. The second is the AI patent dataset constructed by H. Fang

et al. (2025), who further improve upon the USPTO classification by fine-tuning a domain-specific

language model to achieve higher precision and recall. One concern is that similar technologies may

be described with fewer AI terms earlier and more explicit AI terminology later; however, time-

varying seed keywords in both datasets help mitigate terminology-driven misclassification.

3.3 AI Closeness and Distance

After identifying AI patents, this section introduces two measures to quantify the proximity be-

tween any given patent and AI patents.

AI closeness. We measure a patent’s thematic proximity to artificial intelligence using a citation-

based metric termed AI Closeness. This measure compares the distribution of citations made by a

given patent to those made by a composite “representative” AI entity.

For each year t, we aggregate all AI patents filed at t into a single representative entity and con-

struct its citation distribution across USPTO technology classes:

CitesAI,t =
(
CitesAI,1t , . . . ,CitesAI,Nt

)
,

12Our sample period largely predates the widespread adoption of large language models (e.g., GPT), and thus primarily
captures AI technologies in the pre-generative AI era.
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where CitesAI,nt denotes the number of backward citations made by AI patents to technology class n.

We normalize this to obtain a distribution vector:

CAI,t =
(
CAI,1t , . . . ,CAI,Nt

)
, with CAI,nt =

CitesAI,nt

∑n CitesAI,nt
.

For any patent p filed in year t, we construct a comparable citation distribution vector Cpt . The AI

Closeness of patent p is then defined as the cosine similarity between Cpt and CAI,t :

AI Closenesspt =
C′

AI,tCpt

∥CAI,t∥2∥Cpt∥2
, (6)

where ∥ · ∥2 denotes the Euclidean (L2) norm.

To validate the measure that AI patents exhibit a higher AI Closeness than non-AI patents, we

perform a holdout exercise: we randomly reclassify 10% of AI patents as pseudo non-AI and retain

the remaining 90% as the reference group. The pseudo non-AI patents exhibit significantly higher

AI Closeness scores than actual non-AI patents, with a mean difference of 0.118. Moreover, the

distribution of AI Closeness for these pseudo non-AI patents is more right-skewed than that of true

non-AI patents, suggesting that our metric captures proximity to AI innovations. (Figure A3).

AI distance. To complement the citation-based closeness measure, we also define a structural prox-

imity metric, AI Distance, based on shortest-path length in the citation network.

we construct an annual undirected patent-to-patent citation graph, where two patents p and p′ are

considered connected if a citation exists between them, regardless of direction. The AI Distance of a

patent is defined as the minimum number of citation links required to connect it to the representative

AI entity. A direct citation implies a distance of one; greater distances indicate increasingly indirect

connections to the AI representative. By definition, all AI patents have a distance of zero.

Results. We estimate the relationship between robot exposure and firms’ orientation toward AI in-

novation using the specification described in Equation (5). The dependent variable yit is defined as

either the average AI Closeness or the logarithm of AI Distance (plus one), averaged across all patents

granted to firm i in year t.
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Table II reports the results from two-stage least squares (2SLS) estimation. Panel A presents the

main firm-level analysis. Columns (1) and (3) show the first-stage regressions, while Columns (2)

and (4) report the second-stage estimates. The results indicate that greater exposure to robotics is

associated with stronger AI alignment. A one standard deviation increase in robot exposure leads to

a 0.004 increase in AI Closeness and a 0.736 reduction in AI Distance, both statistically significant

at the 5% level. Relative to sample means of 0.002 and 2.779, these effects are economically mean-

ingful, suggesting that automation plays a meaningful role in shaping the technological direction of

innovation.

Panel B conducts robustness checks at the patent-firm-year level. Here, the dependent variable

is defined at the individual patent level—either AI Closeness or log AI Distance (plus one)—and

regressed on firm-year robot exposure, controlling for firm-level characteristics. The results are con-

sistent: patents from firms with higher robot exposure are significantly more semantically proximate

to AI and structurally closer within the AI citation network. Both coefficients are statistically signifi-

cant at the 1% level.

Panel C examines dynamic effects. Columns (1)–(3) show that the positive impact of robot ex-

posure on AI Closeness persists for up to three years, indicating that firms continue to deepen their

engagement with AI-related innovation well beyond initial exposure. Columns (4)–(6) provide evi-

dence that the effect of robot exposure on AI Distance remains statistically significant in the following

year at the 10% level.

Panel D shifts the focus to innovation intensity by reporting the effects of robot exposure on

the number of AI patents granted in the current year and in the one-, two-, and three-year periods

thereafter. A one standard deviation increase in robot exposure is associated with an additional 0.211

AI patents in the current year, and this effect persists over the following two years. These findings

underscore both the directional and intensive margins through which automation drives AI-oriented

innovation at the firm level.

Alternative measure of AI patents. To further validate our findings and provide finer-grained in-

sights, we employ two complementary AI patent datasets described in Section 3.2. The first is the

USPTO AI patent dataset, which classifies AI-related patents into eight distinct technological sub-
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classes: machine learning (ML), evolutionary algorithms (EVO), natural language processing (NLP),

speech processing (SPEECH), vision processing (VISION), knowledge representation (KR), planning

and control algorithms (PLAN), and AI hardware (HW). This classification enables us to investigate

how firm innovation responses to automation differentially across specific areas within the AI land-

scape.

The second dataset is the AI patent dataset constructed by H. Fang et al. (2025), who document

potential misclassification in the USPTO’s AI patent tagging system and propose an improved clas-

sification approach using a fine-tuned AIPatentBERT model. Their algorithm achieves precision and

recall rates exceeding 90%, representing a significant advancement over the existing USPTO classi-

fier. In this paper, we directly leverage their refined AI patent data.

To address concerns regarding subclass-level classification accuracy, we aggregate all patents

within each AI subclass into an annual “representative” patent. For each subclass and year, we then

compute AI Closeness and AI Distance using the methodology outlined above.

Table III presents the results of the subclass-level analysis using the AI subclass classification

proposed by H. Fang et al. (2025), whereas Table A7 relies on the USPTO’s original classification.

In Table III, Panel A shows that firms with greater robot exposure exhibit higher AI Closeness across

all eight AI subclasses. The estimated coefficients are positive and statistically significant at the 5%

level, suggesting that automation is associated with a reorientation of innovation toward AI-related

domains. Panel B reports the corresponding estimates for AI Distance. While most coefficients are

negative, they are not statistically significant. A plausible explanation lies in the construction of the

AI Distance metric. Specifically, AI Distance is defined as the shortest path from a given patent to any

AI patent in the citation network—a minimum statistic that is highly sensitive to classification error.

If the underlying AI patent identification is noisy or incomplete, the measurement error introduced

is likely to attenuate the estimated effect, biasing coefficients toward zero. As a result, the lack of

statistical significance in Panel B may reflect imprecision in the distance measure rather than the

absence of a true relationship.

Panels A and B of Table A7, which rely on the USPTO-based AI classification, yield results that

are qualitatively similar to those in Table III. While the USPTO measure is noisier, the consistency in

directional patterns reinforces the robustness of our findings.
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Taken together, these results suggest that robot exposure not only reorients the direction of firm

innovation but also increases engagement with the technological frontier of AI across a broad spec-

trum of specialized domains. This highlights automation’s role as a catalyst for frontier innovation in

the era of intelligent technologies.

3.4 Mechanism: Rising Data Generation

This section examines a potential mechanism through which increased robot exposure fosters AI

innovation: enhanced access to data. Building on the findings of Beraja, Yang, and Yuchtman (2023),

which demonstrate that government procurements in China significantly stimulate AI innovation by

granting access to proprietary data, we investigate whether firms with higher robot exposure similarly

gain access to richer data resources. This improved data availability may accelerate AI advances,

driving breakthroughs in AI technologies and applications. In turn, these innovations can further

enhance and optimize the development and performance of robotics systems, creating a mutually

strengthening cycle of technological progress.

Amazon and Kiva: a case study. A notable example is Amazon’s acquisition of Kiva Systems in

March 2012. As one of the world’s largest e-Commerce and cloud computing companies, Amazon

develops advanced AI systems to optimize its operations. Kiva Systems, on the other hand, specializes

in mobile robotics for warehouse automation. By incorporating Kiva’s robotics technology, Amazon

not only improves warehouse efficiency but also gains access to vast data streams, fostering new

opportunities for AI-driven innovation. In turn, this facilitates the ongoing enhancement and evolution

of Kiva’s robotic systems, further optimizing their efficiency, adaptability, and overall performance in

warehouse automation.

To be more precise, Kiva’s robotic systems generate data across multiple dimensions that prove

crucial for Amazon’s AI-driven innovations. Operational metrics (e.g., position, speed, and trajectory)

enable the optimization of robot movements, reducing errors, and boosting efficiency. Performance

indicators (e.g., cycle times and accuracy rates) offer system-wide insights for refining logistics strate-

gies, while environmental data (e.g., temperature and humidity) facilitate optimal working conditions.

Energy usage records inform cost-effective resource allocation, and maintenance logs (including fault
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tracking and predictive maintenance schedules) minimize downtime and extend equipment lifespans.

Collectively, these data streams fuel Amazon’s AI capabilities, driving continuous improvement in

robotics and warehouse operations.

Measuring data generation. To examine whether increased robot exposure leads to increased data

availability, we must quantify the extent of data accessible to firms, which is not straightforward to

measure. Following an approach similar to that used to measure robot exposure, we use the frequency

of terms related to data generation in 10-K filings as a proxy for data access. The keywords, detailed

in Table A8, are derived from a broad body of literature (e.g., Abis and Veldkamp 2024; Bajari et al.

2019; Brynjolfsson and McElheran 2016; L. Wu, Hitt, and Lou 2020; C. Zhu 2019).

Our methodology consists of keyword selection, contextual validation using GPT to identify and

retain statements pertaining to data generation (as opposed to data use), and computing keyword

frequency in firms’ 10-K annual reports, which is then normalized by total word count to account for

variations in document length. Formally, we define the data generation measure as:

Data Generationit = ∑
w

Data Word Countwit

Total Word Count it
, (7)

where Data Word Countwit represents the count of data-related keywords w appearing in firm i’s 10-K

filing during year t and Total Word Count it is the total number of words in the corresponding report.

We standardize this measure to mean zero and unit variance for comparability.

Results. Table IV presents evidence that firms with greater robot exposure experience a significant

increase in data generation. Columns (1) and (2) report the two-stage estimates of the average effect

of robot exposure on data generation. The results indicate that a one-standard-deviation increase in

robot exposure is associated with an increase in data generation of approximately 1.313, which is

statistically significant at the 1% level. Columns (3)-(5) further examine heterogeneity by firm size.

Specifically, we categorize firms into two groups based on sales: small firms (bottom 75%) and large

firms (top 25%). The results reveal that the interaction terms between robot exposure and the large-

firm indicator are positive and marginally significant. These findings provide suggestive evidence that

larger firms may derive greater benefits, exhibiting a relatively larger increase in data generation as
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robot exposure increases. This pattern is broadly consistent with the non-rival nature of data, whereby

larger firms may be better positioned to leverage data-driven advancements.

4 Aggregate Innovation

Although we establish that increasing automation prompts firms to reorient their innovation focus

towards AI-related fields, the overall impact of automation on innovation outputs remains uncertain.

Theoretically, automation could either stimulate or constrain a firm’s innovation activities, depending

on factors such as the transition costs to new technological domains, variations in research efficiency

and complexity, and the levels of R&D investment. This section aims to investigate the effect of robot

exposure on firms’ innovation productivity.

4.1 Innovation Outputs

To evaluate the effect of robot exposure on innovation outputs, we examine two key metrics: the

quantity of innovation, measured by patent counts, and the quality of innovation, proxied by citation-

weighted patent value. Recognizing that innovation responses may be delayed, we analyze cumulative

outcomes over multiple future years.

Empirical specification. Following Cohn, Liu, and Wardlaw (2022), we model patent generation

as a time-varying Poisson process, appropriate for count data that are non-negative and sparsely dis-

tributed.13 The expected number of patents filed by firm i from t to year t + j is specified as:

E(yi,t+ j | Xit) = exp
(
β ×Robot Exposureit +X′

itγ +δi +ηt
)
, (8)

where δi and ηt are firm and year fixed effects, and Xit includes time-varying firm controls. The

dependent variable is adjusted for patent quality by computing forward five-year citations and nor-

malizing by the average citation count within each three-digit CPC class to adjust for field-specific

13Although we adjust the dependent variable using citation-based weights, it remains non-negative and skewed. Con-
sistent with Gourieroux, Monfort, and Trognon (1984) and Silva and Tenreyro (2006), we adopt a Poisson regression
model with conditional expectation E(y | X) = exp(Xβ ).
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citation inflation, following Acemoglu, Akcigit, and Kerr (2016).

To assess patent value, we use a linear specification:

yi,t+ j = β ×Robot Exposureit +X′
itγ +δi +ηt + εit , (9)

where yi,t+ j denotes the cumulative citation-weighted value of patents filed by firm i between years t

and t + j, as defined by the methodology in Kogan et al. (2017).

Results. Table V reports the cumulative effects of robot exposure on patent outcomes. We find that

robot exposure is associated with a statistically significant decline in the number of patents over the

first two years, significant at the 5% and 10% levels, respectively. The magnitude of this decline di-

minishes over time. From three to five years after exposure, the estimated coefficients are statistically

indistinguishable from zero, while the point estimates gradually increase and turn positive in the fifth

year. By the sixth year, the coefficient becomes positive and marginally significant at the 10% level,

suggesting a pattern broadly consistent with a potential “J-curve.”

To address potential survivorship bias, Table A10 presents robustness checks. Panel A reports

results based on a balanced panel, while Panel B presents estimates from an IV specification. The

balanced panel results indicate that the cumulative number of patents begins to increase from the third

period onward, with coefficients significant at the 5% level initially and remaining positive at the

10% level in subsequent periods. In contrast, the IV results suggest a modest decline in cumulative

patenting in the earlier periods.

Combining these results with Table II, which shows a significant and persistent increase in AI-

related patents, the observed pattern in total patent counts appears to reflect a shift in innovation

composition. The initial decline is consistent with a reduction in non-AI patents, while the subse-

quent recovery appears to be gradually offset by increased AI-related patenting, consistent with a

reallocation of innovation resources toward AI.

The pattern for patent value is more muted. While cumulative patent value declines significantly

during the first four years—relative to a sample mean of 1.218—these effects dissipate thereafter, with

coefficients becoming statistically insignificant beyond year four.

To further explore heterogeneous effects, we classify patents by two-digit CPC codes and interact
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these categories with robot exposure in Equation (8). Figure A4 identifies the ten CPC categories most

negatively affected, as well as those experiencing increases. The results show that most technological

areas see a reduction in patenting activity. However, a subset of growing categories is closely aligned

with AI-related technologies, including mechanical components, amusement devices, and checking

instruments. As CPC codes do not explicitly identify AI patents, our dedicated AI classification

remains essential for precision.

Taken together, these findings suggest that the impact of robot exposure on innovation is dynamic

and time-dependent. While automation initially suppresses patent output and value, these effects

partially reverse over time. This pattern aligns with Babina et al. (2024), who document that AI-

driven innovation unfolds gradually, with long-run benefits that are not immediately observable. Our

results highlight the potential for automation to induce temporary disruption followed by a strategic

pivot toward higher-value, frontier innovation.

4.2 Innovation Inputs

We next examine how automation influences firms’ innovation inputs by analyzing changes in

their R&D expenditures. This analysis complements our earlier findings on innovation outputs and

provides insight into potential reallocation dynamics that are suggestive of a J-curve–type pattern.

Empirical specification. Specifically, we analyze the impact of robot exposure on R&D intensity

using the following estimation model:

yit = β1 ×Robot Exposureit +β2 ×R&D Dummyit +X ′
itγ +δi +ηt + εit , (10)

where yit represents firm i’s R&D intensity, measured as R&D expenditure scaled by total assets or

sales in year t. Given the incomplete disclosure of R&D data in Compustat, missing values are set to

zero. To account for this imputation, we include a dummy variable, R&D Dummyit , which equals one

if firm i reports positive R&D expenditure in year t, and zero otherwise.

28



Results. Table VI reports the two-stage estimation results for the impact of robot exposure on firms’

R&D expenditure, normalized by total assets and total sales. A one-standard-deviation increase in

robot exposure leads to increases of 0.104 in the R&D-to-assets ratio and 0.385 in the R&D-to-sales

ratio, significant at the 10% and 5% levels, respectively. Given mean values of 0.449 and 0.221,

these effects are economically significant. The observed rise in R&D expenditure, coupled with

the “J-curve” pattern in patent innovation linked to increased robot exposure, suggests a potential

reallocation of innovation efforts, which we explore further in the subsequent subsections. 14

4.3 Mechanism: Generality and Originality of Innovation

A plausible explanation for the observed innovation “J-curve” is that the shift towards AI-related

innovation redistributes resources between research and development. Specifically, firms may allocate

greater emphasis to fundamental research, leading to a temporary decline in patent quantity while

enhancing patent generality and originality.

The distinction between research and development lies in their respective roles in knowledge

creation. According to the National Science Foundation (NSF), research is the planned, systematic

pursuit of new knowledge or understanding, whereas development involves the application of re-

search and practical experience to create or improve goods, services, or processes. Mezzanotti and

Simcoe (2023) show that patenting is more closely tied to development than to research. Thus, if

the observed increase in R&D expenditure is primarily driven by exploratory, original, and foun-

dational research—which typically falls under the research component of R&D—it is plausible that

firms invest more in R&D while producing fewer but higher-quality patents with greater technological

significance. In our context, firms’ transition towards AI innovation often necessitates breakthroughs

in foundational science and technology.15 As a result, AI-driven patent innovation compels firms to

revisit fundamental challenges, striving for original breakthroughs in AI theories and methodologies
14Chuang et al. (2024) show that omitting firm fixed effects helps explain the “missing link” between R&D input

and patent output. In our analysis, we also find that excluding firm fixed effects yields a significantly positive relationship
between robot exposure and both R&D intensity and patent counts. However, given the potential correlation between firm-
level unobservables and our key explanatory variables, we retain firm fixed effects in our main specification to mitigate
omitted variable bias and ensure more credible identification.

15Advancements in AI rely on profound understanding of underlying theories, algorithms, and hardware, as well as
the interactions among them. To maintain a competitive edge in AI, firms must develop novel solutions, pushing the
boundaries of algorithms, data structures, and processing methods.
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that surpass existing technological constraints.

Measuring fundamental research. To empirically verify whether firms with greater automation

exposure focus more on fundamental research, we adopt the approach outlined by Hall, Jaffe, and

Trajtenberg (2001) to measure a patent’s generality and originality:

Generalitypt = 1− ∑
n

s2
pnt , Originalitypt = 1− ∑

n
q2

pnt , (11)

where spnt represents the share of citations that patent p filed in year t receives from technology

class n within five years of its issuance, while qpnt denotes the share of citations patent p makes to

technology class n, with technology classes defined at the 3-digit CPC level. Intuitively, generality

captures the extent to which a patent is cited across a broad range of technology classes, reflecting

its impact beyond its specific domain. In contrast, originality measures how broadly a patent draws

from diverse technological fields, indicating the multidisciplinary nature of its knowledge base. One

potential concern with citation-based measures is that patents tend to receive citations from a wider

array of technology classes over time. To address this, we measure the generality of a patent based

on citations received within the five years following its filing year t, thus mitigating biases stemming

from long-term citation trends.16

Results. Table VII presents the results. Panel A presents firm-year-level regressions, where the

generality and originality are aggregated across all patents filed by a firm in a given year. The es-

timates show that higher robot exposure is associated with increases in both generality and origi-

nality of innovation. Specifically, a one-standard-deviation increase in robot exposure is associated

with an approximately 0.135 increase in generality and a 0.028 increase in originality. These effects

are statistically significant at the 10% and 5% levels, respectively, and are economically meaningful

given mean values of 0.043 and 0.007. As a robustness check, Panel B presents regressions at the

patent-firm-year level. The results remain consistent with the main findings and exhibit even stronger

statistical significance, with all estimates significant at the 1% level.

These findings suggest that during the transition towards AI-driven innovation, firms place greater

16The generality measure excludes patents with no forward citation within the five-year observation window.
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emphasis on foundational research characterized by higher generality and originality. This shift leads

to an increase in R&D expenditure but a decline in patent output. Moreover, our findings provide

new insights into the evolution of the United States scientific-industrial complex in the era of AI

innovation. As highlighted in studies such as Arora, Belenzon, and Patacconi (2018), a key trans-

formation since the 1980s has been the reallocation of resources and attention by leading firms away

from exploratory scientific research towards more commercially oriented projects. However, our re-

search identifies an opposing trend, wherein the shift towards foundational AI innovation can, in turn,

stimulate more exploratory scientific research.

4.4 Mechanism: Standing on Jones’ Shoulders

The second possible explanation for the innovation “J-curve” is the investment in human capital

accumulation required for AI-related innovations. As Isaac Newton famously stated, “Innovation is

just standing on the shoulders of giants”. Learning from past advancements can significantly reduce

the transition costs associated with human capital-specific innovation (Bloom, Schankerman, and Van

Reenen 2013; Cui, Lu, and W. Zhu 2025). To capture this effect, we use firms’ AI-related innovation

experience prior to 2004 (the initial year of our sample) as a proxy for such transition costs. Firms with

a greater prior experience in AI are likely to have developed specialized expertise and accumulated

knowledge, which may facilitate a smoother and more efficient transition to AI-driven innovation. In

contrast, firms with limited prior AI exposure may face higher barriers in adapting to AI-intensive

research, as they need to invest more heavily in acquiring specialized talent and developing new

capabilities.

Empirical specification. We measure a firm’s AI research experience based on the number of AI

patents granted between 1993 and 2003. Firms are classified as having AI experience if their AI patent

count exceeds the industry median; otherwise, they are considered to have less experience. We then

test whether firms with prior AI experience exhibit a more significant shift in research focus using the
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following specification:

yit = β1 ×Dummy(AI Experience)i,03 ×Robot Exposureit +β2 ×Robot Exposureit

+X′
itγ +δi +ηt + εit ,

(12)

where yit represents the aggregated firm-level AI closeness or distance, calculated based on all patents

of firm i in year t. Dummy(AI Experience)i,03 is an indicator equal to 1 if firm i’s AI experience prior

to 2004 exceeds the industry median, and 0 otherwise. If prior research experience facilitates the

transition towards AI-related innovations, we expect firms with greater AI research experience to

exhibit a more pronounced shift towards AI fields in response to rising automation compared to their

less experienced counterparts.

Results. Table VIII presents the heterogeneous effects of rising robot exposure on firms’ shift to-

ward AI innovation at the firm level, while Table A9 reports patent–firm–year–level estimates as a

robustness check. Together, the results highlight two key insights. First, increased robot exposure is

associated with a significant increase in AI closeness and a reduction in AI distance for both groups

of firms. Second, the magnitude of this shift is nearly twice as large for firms with higher prior AI

experience at the patent-firm-year level, suggesting that firms with a stronger AI foundation are bet-

ter positioned to integrate automation-driven advancements into their innovation strategies. These

findings highlight shift costs in shaping firms’ adaptive responses to automation, reinforcing the im-

portance of accumulated knowledge in facilitating technological transitions.

4.5 Mechanism: The Relative Cost of AI-Driven Innovation

Beyond the high transition costs, the rising relative costs of AI-driven innovation may also explain

the increase in R&D expenditure and the initial decline in patent output—an adjustment burden also

noted by Hill et al. (2025) in analyzing researchers’ directional shifts. Building on the framework

of Jones (2009), we examine the incremental costs of AI patents relative to non-AI patents across

multiple dimensions using several constructed measures of innovation costs.
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Measuring relative costs. (i) Team size. When innovation requires the accumulation of knowledge

across broader technological domains, it is more likely to be undertaken by larger teams of inventors

with complementary expertise. Accordingly, we measure a patent’s team size as the number of in-

ventors listed on the patent. A larger team size may indicate the increasing complexity of AI-related

innovation and the necessity for interdisciplinary collaboration.

(ii) Labor input. Team size alone may not fully capture the actual labor input associated with a

patent, as inventors often contribute to multiple projects simultaneously, potentially leading to double

counting. To address this concern, we construct an adjusted measure of labor input that accounts for

an inventor’s participation across multiple patents. Specifically, if an inventor contributes to multiple

patents filed within the same year, their labor input is evenly distributed across those patents.

(iii) Inventor originality. Hall, Jaffe, and Trajtenberg (2001) suggest that an inventor’s original-

ity is positively correlated with innovation costs. The underlying rationale is that generating highly

original innovations necessitates searching for and integrating knowledge from a broader range of

technological fields, thereby increasing the complexity and resource demands of the innovation pro-

cess. We quantify an inventor’s originality using the following measure:

Inventor Originalitymt = 1−∑
n

s2
mnt , (13)

where smnt represents the fraction of patents by inventor m that fall into technology class n over the

past five years. For each patent, we compute its inventor originality as the average originality score of

all inventors associated with the patent.

(iv) Patent value. Patent value serves as an additional proxy for innovation costs, as higher-value

patents generally require greater investments in research and development. A patent with significant

economic impact is often the result of extensive exploratory work, considerable resource allocation,

and rigorous development efforts. We measure patent value following the approach proposed by

Kogan et al. (2017), which quantifies a patent’s economic significance based on its market impact and

citation.

Results. Figure III presents a comparative analysis of AI and non-AI patents across key cost-related

dimensions. Subfigure (a) shows that AI patents tend to involve larger inventor teams than non-AI
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patents, with the gap widening notably after 2015—coinciding with the growing prominence of AI-

driven innovation. Subfigure (b) complements this pattern by documenting higher average labor input

for AI patents, highlighting their greater complexity and resource intensity. Subfigure (c) illustrates

differences in inventor originality, with AI patents typically associated with broader technological ex-

pertise. Although AI patents have historically scored higher on this measure, the gap has diminished

in recent years, potentially reflecting the widespread diffusion of AI across diverse fields. Subfigure

(d) highlights the value premium of AI patents over non-AI patents. The widening gap after 2011 sug-

gests that AI-related inventions increasingly generate patents with greater technological and economic

impact. To further validate these findings, we employ a regression approach with firm-year-fixed ef-

fects, and report the findings in Table A11. Together, these findings highlight the unique cost structure

of AI innovations and their growing role in the technological landscape.

5 Robustness Checks

Next, we conduct several robustness checks to validate our core findings on innovation shift and inno-

vation productivity, including tests of IV validity, robustness of text-based robot exposure measures,

the effects of the Supreme Court’s Alice decision, and alternative sample constructions.

5.1 Assessing the Validity of IV Estimates

5.1.1 Common shocks and pre-trend tests

The validity of using robot usage per worker in the EU countries as an instrumental variable

may be subject to several potential challenges. One concern is that common demand shocks could

simultaneously influence both EU robot investment and the innovation activities of US firms, leading

to endogeneity issues. Another potential challenge is the presence of a pre-existing trend in the

innovation direction of US firms prior to the start of the sample period, raising the possibility that

the observed effects are not solely driven by automation exposure. To examine the robustness of our

findings, we implement two robustness checks to address these concerns.

(i) Common shock effects. To account for potential confounding shocks, we examine whether
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industry-level price dynamics influence our results, as fluctuations in output prices may affect firms’

automation and innovation strategies. Specifically, we incorporate the industry-level Producer Price

Index (PPI) into the regression framework and also control for industry-year fixed effects to capture

any time-varying, sector-specific factors.

The results, reported in Table A12, show that the estimated coefficients remain largely stable after

including these controls, indicating that our baseline findings are robust to industry-level price varia-

tion and macroeconomic shocks. While the coefficient estimates remain directionally consistent, their

statistical significance weakens under industry-year fixed effects. This attenuation is likely driven by

increased measurement error, as controlling for industry-year fixed effects absorbs a portion of the

cross-industry variation in robot exposure—one of the primary sources of identifying variation in our

design.

(ii) Pre-trend tests. To address concerns regarding pre-existing trends, we verify that our measure

of robot exposure in European countries is not systematically related to past trends in innovation

activities between 1988 and 2003, a period preceding the rapid advancements in robotics technology.

We employ two approaches: First, as a placebo test, we examine whether robot exposure during the

2004–2019 period influences firms’ innovation shift and productivity between 1988 and 2003. The

regression results, presented in Panel A of Table A13, indicate that the estimated coefficients for

innovation shift are not statistically significant. Second, we directly control for changes in firms’

innovation activities between 1988 and 2003 by including them as additional explanatory variables in

our baseline specifications. Panel B shows that this control has little effect on the baseline estimates.

5.1.2 Alternative IV constructions

We employ two alternative methods to construct the instrumental variable.

(i) Incorporating additional EU countries. The first method expands the robot usage data to

include additional EU countries, as the baseline set of five countries may not fully capture broader

automation trends across Europe. We modify the construction of the instrumental variable in two

ways, following the approach of Acemoglu and Restrepo (2020).17 First, we incorporate Germany

17As noted by Acemoglu and Restrepo (2020), robot adoption rates in the five baseline countries closely track those of
the United States, while Germany’s rate is significantly higher. Norway, Spain, and the United Kingdom exhibit adoption
rates comparable to those in the United States.
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into the five-country average. Second, we expand the average to include nine European countries with

advanced automation: Finland, Sweden, Denmark, Italy, France, Germany, Norway, Spain, and the

United Kingdom.18 These countries are selected based on the availability of comprehensive industry

statistics in the IFR database and collectively account for 41% of the global industrial robot market.

(ii) Adjusting for time-related confounds. In the second approach, we address potential time-

related trends or unobserved temporal factors that may affect the instrumental variable. Specifically,

we regress the baseline IV on time-fixed effects and use the resulting residuals as an adjusted measure

to re-estimate the main results.

The results, presented in Table A14, confirm the robustness of our findings; the observed effects

are not driven by the choice of European countries or by spurious time-related variation.

5.1.3 Construction of the shift-share IV

To mitigate the potential issue that both robot exposure in the U.S. firms and the number of robots

per unit of labor across EU countries may vary over time due to common underlying factors, we adopt

a shift-share instrumental variable (SSIV) approach in this section. Specifically, we adopt the SSIV

framework of Borusyak, Hull, and Jaravel (2022), rather than that of Goldsmith-Pinkham, Sorkin, and

Swift (2020), and treat robot usage per worker across EU countries as a quasi-experimental shock.

This strategy, which relies on exogenous shocks rather than exogenous shares, is further motivated

by Acemoglu and Restrepo (2022), who show that historical differences in industry-specific aging

patterns generated heterogeneous robot exposure across industries. As a result, robot usage in EU

countries is primarily driven by industry-specific characteristics that remain stable over time and are

exogenous to individual firms’ decisions. The extent of robot exposure for each firm is then deter-

mined by the annual sales distribution of firms across industries, integrating fixed industry character-

istics with temporal variation in firms’ sensitivity to industry-level robot adoption.

Constructing SSIV. Specifically, we modify the baseline IV by replacing its time-varying compo-

nent—representing the annual proportion of robot usage to employment across EU countries—with

18Since EU KLEMS does not provide data for Norway, we impute its employment distribution using data from Den-
mark, Finland, and Sweden.
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a fixed average proportion calculated over the period from 2000 to 2004, the five years preceding the

start of the sample. The construction of this IV is as follows:

Robot Exposure SSIV it = ∑
k

Salesikt

Salesit
×

RobotsEU
k,00-04

WorkersEU
k,00-04

, (14)

where RobotsEU
k,00-04 and WorkersEU

k,00-04 represent the five-year average counts of industrial robots

and workers, respectively, in industry k during the period 2000–2004 across EU countries, including

Denmark, France, Finland, Italy, and Sweden.

Validity tests. We conduct a series of validity tests to ensure that the exogenous shocks satisfy

the requirements of quasi-randomness and large-sample consistency. To assess sample adequacy, we

calculate the effective sample size across industries and time periods, obtaining a value of 63.38,

as determined by the inverse of the Herfindahl-Hirschman Index. This result indicates substantial

industry-level variation.19 Additionally, we evaluate the within-group correlation of shocks and con-

firm that the condition of sufficiently uncorrelated shocks is met.

Falsification tests. We conduct falsification tests by regressing potential industry-level and firm-

level confounders on the instrument while employing exposure-robust inference to account for in-

herent dependencies in the data.20 Following Acemoglu and Restrepo (2020), we control for sev-

eral industry-level factors, including the share of high-tech equipment in total investment (High-

tech/Invest), the ratio of input to value added (Input/Value-added), the log of real wages (Ln(Wage)),

wage per worker (Wage/Worker), the log of employment (Ln(Worker)), and the ratio of workers to

value added (Worker/Value-added). At the firm level, we include the baseline controls and a dummy

indicating the adoption of an ES system. We further conduct a firm-level pre-trend test by regressing

pre-2004 variables (1988–2003) on the shift–share instrument. If shocks are randomly assigned across

industries, they should not predict these predetermined variables. Panel A of Table A15 confirms that

none of the coefficients are statistically significant.

19According to Borusyak, Hull, and Jaravel (2022), even an effective sample size as small as 20 can yield reasonably
accurate statistical inference in industry-level regressions.

20Following Borusyak, Hull, and Jaravel (2022), we estimate the coefficients using equivalent industry-level regressions
to obtain valid exposure-robust standard errors.
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Results. Panel B of Table A15 reports the SSIV estimates. Following Borusyak, Hull, and Jar-

avel (2022), we estimate the coefficients using equivalent industry-level regressions to obtain valid

exposure-robust standard errors. Consistent with the methodology described above, standard errors

are clustered at the industry level to account for potential within-industry correlation. The results are

generally consistent with our main findings, confirming that increased robot exposure leads to a shift

in innovation towards AI and greater R&D investment.

5.2 Robustness of Text-Based Robot Exposure Measures

5.2.1 Alternative measures of robot exposure

We explore several alternative approaches to measuring robot exposure.

(i) Refining and reweighting keywords. We refine keywords using a two-stage regression pro-

cess, following Cong et al. (2024). The first stage employs a LASSO regression for variable selection:

ykt = ∑w∈W βwxwkt + εkt , where ykt denotes robot exposure in industry k at time t, measured as the

number of industrial robots installed per thousand workers. The variable xwkt represents the intensity

of keyword w in industry k and year t, and w ∈W is an element of the predefined keyword set W , as

presented in Table A2.

In the second stage, we retain keywords with non-zero coefficients from the LASSO regression

and re-estimate their weights using OLS. Let W ∗ denote the refined keyword set and βw the corre-

sponding OLS coefficient for keyword w ∈W ∗. Each firm’s robot exposure in year t is then computed

as Robot Exposure Ait = ∑w∈W ∗ βwxwit , where xwit represents the scaled occurrence of keyword w in

firm i’s 10-K filing for year t.

(ii) Adjusting for time-related confounds. A potential concern is that our results may reflect

common time trends or co-integration rather than a causal effect of robot exposure on innovation. To

address this issue, we regress robot exposure on time-fixed effects and use the residuals as the main

explanatory variable to remove time-specific patterns and control for temporal confounding.

(iii) Adjusting for industry-related confounds. Our findings could also be driven by system-

atic differences across industries rather than by firm-level heterogeneity. To mitigate this risk, we

regress robot exposure on industry-fixed effects and use the residuals as the main explanatory variable,
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thereby eliminating industry-level variation and isolating within-industry differences across firms.

(iv) Applying rolling weighted average. Since robots are capital assets that depreciate over time,

relying on robot-related mentions from a single year may not accurately reflect their actual value

and utilization. To address this concern, we construct a rolling five-year weighted average of robot

exposure. Specifically, we assign weights of 0.2, 0.4, 0.6, 0.8, and 1 to the firm’s robot exposure

from year t−4 to t, allowing previous investments to influence the exposure measure with gradually

declining impact.

(v) Applying the ratio of robots to employment. Finally, we measure robot exposure as the

ratio of robots to employment, following the methodology of Acemoglu and Restrepo (2020). Firm-

level robot exposure is then defined as: Robot Exposure Dit = ∑k
Salesikt
Salesit

× Robotskt
Workerskt

, where Saleikt

represents the annual sales of firm i in segment (industry) k at year t, and Saleit denotes the total sales

of firm i in year t. The term Robotskt
Workerskt

captures industry-level robot exposure for industry k at year t.

5.2.2 Controlling for 10-K text readability

Because our measure of robot exposure is constructed from firms’ 10-K filings, the results may be

influenced by variations in textual complexity or disclosure style. Following F. Li (2008), we calculate

the readability of each firm-year 10-K using the Flesch Reading Ease (FRE) score,21 which is then

included as an additional control variable in our regressions.

Table A16 presents the results, indicating that the magnitude and statistical significance of the

core variable are comparable to the baseline estimates, lending support to our findings.

5.3 Effects of the Supreme Court’s Alice Decision

We examine the impact of the Supreme Court’s 2014 decision in Alice Corp. v. CLS Bank Inter-

national on the patentability of AI-related inventions. The ruling significantly reshaped U.S. patent

law by holding that inventions based on “abstract ideas” are not patentable unless they contain an

“inventive concept.” As a result, AI innovations involving abstract algorithms or processes may face

21The score ranges from 0 to 100, with higher values indicating greater readability. It is calculated as FRE = 206.835−
1.015× (words/sentences)− 84.6× (syllables/words). While standard readability metrics may overstate complexity in
financial disclosures, the FRE remains a widely used benchmark facilitating comparability with prior literature.
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greater challenges in obtaining patent protection in the post-Alice era.

Effects on AI patent approvals. We first examine whether the Alice decision increased the dif-

ficulty of obtaining AI patents. Using USPTO pre-grant data, we identify AI-related applications

through abstract analysis and merge them with granted patents covering 2004–2019. We measure

the impact using two variables: Dummy(Grant), an indicator for whether a patent is granted, and

Ln(Grant Lag), the log of the days from application to approval (plus one). To test differential effects,

we include an interaction term, Dummy(AI Patent)×Dummy(A f ter 2014), where Dummy(AI Patent)

equals 1 for AI patents and Dummy(A f ter 2014) equals 1 for patents filed in or after 2014.

Panel A of Table A17 presents the summary of results. Columns (1) and (2) show that the co-

efficient of the interaction term is negative but not statistically significant, indicating that there is no

meaningful impact of Alice on AI patent approval rates. Column (3) examines the approval times

for granted patents, finding that the interaction term is positive and significant at the 5% level, while

Dummy(AI Patent) is also positive. This suggests that AI patents take longer to approve than non-AI

patents, with extended delays post-Alice. Column (4) provides robustness checks using a Poisson

model, yielding consistent findings. These results indicate that while the Alice decision does not

significantly affect approval rates, it does lengthen approval times for AI patents.

Robustness checks: The Alice decision. We conduct robustness checks examining whether the

Alice decision influences the AI shift. Panel B of Table A17 shows that the ruling does not significantly

affect the results for AI-directed innovation or innovation quality in the patent–firm–year regressions.

5.4 Alternative Approaches to Sample Constructions

For robustness, we consider three alternative sample constructions:

(i) Excluding the impacts of other Internet technologies. Given that emerging technologies

such as big data and cloud computing are closely associated with AI, they may also confound our

main regression results. To mitigate the influence of such technological shocks, we adopt two ex-

clusion strategies. First, we exclude firms operating in the Internet industry, as they are more likely
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to be directly affected by developments in cloud computing and other internet-based technologies.22

Second, we exclude firms that adopted Enterprise Systems (ES), a broad category of IT investments

known for their advanced capabilities and wide functional scope (Dorantes et al. 2013). We identify

ES adopters using ES-related keywords in the LexisNexis database.

(ii) Excluding firms with significant overseas operations. Many U.S. firms in our sample main-

tain overseas production units, which may influence our main findings. To address this concern, we

exclude firms whose overseas sales exceed 50% of their total sales.

(iii) Excluding firms with extremely high robot exposure. To ensure that our results are not

driven by extreme automation levels in a small subset of firms or industries, we exclude the top 1%

of firms in terms of the automation index within each industry-year.

The results of the tests based on these adjusted samples are reported in Table A18. The estimates

show a similar pattern to our baseline findings.

6 A Simple Equilibrium Model of Innovation Shift

We now develop a dynamic equilibrium model to rationalize the observed innovation shift in response

to rising robot exposure. Appendix 7 contains the proofs for all propositions.

Model Setup

A continuous-time economy with t ∈ [0,∞) features a continuum of firms indexed by f ∈ [0,1].

Following Acemoglu and Restrepo (2019), we model the degree of automation within firms as fol-

lows: Each firm operates a continuum of tasks indexed by s ∈ [0,1]. A given firm f automates tasks

in the range s ∈ [0,θ f ], while tasks s ∈ [θ f ,1] remain non-automated. Labor is supplied inelastically,

with one unit available in the market.

Firms undertake two types of innovations: one aimed at enhancing the productivity of automated

tasks and the other at improving the productivity of non-automated tasks. For tasks in [0,θ f ], firms

innovate, patent their innovations, and leverage these patented technologies to enhance task productiv-

22Specifically, we define internet firms as those with four-digit SIC codes between 7371 and 7379, which correspond
to computer programming, software publishing, data processing, and other computer-related services.
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ity. Innovations related to automated tasks are integrated with machines to produce the final product:

1
1−β

qM( f )β k1−β

M (s | f ) , (15)

where qM( f ) represents the technology used in automated tasks, and kM(s | f ) denotes the units of

machines employed in task s by firm f . The production of one unit of a machine requires 1
χM

units of

the final good. For non-automated tasks, firm f combines innovations applicable to these tasks with

labor to produce its final products according to

1
1−β

qβ

L ( f )k1−β

L (s | f ) , (16)

where qL( f ) denotes the technology used in non-automated tasks, and kL(s| f ) is the labor-driven

production input. Each unit of kL(s| f ) can be produced at a cost of 1
χLq̄L

, with q̄L =
∫ 1

0 (1−θ f )qL( f )d f .

We normalize the production of kL(s| f ) by q̄L to ensure that the stationary equilibrium remains linear.

We normalize the price of the final product to one for each time t ∈ [0,∞). Firm f chooses kM(s| f )
and kL(s| f ) to maximize instantaneous profit conditional on the latest technology,

Π f (qM,qL) = max
kM(s| f ),kL(s| f )

1
1−β

∫
θ f

0
qβ

M( f )k1−β

M (s | f )ds− 1
χM

∫
θ f

0
kM(s | f )ds

+
1

1−β

∫ 1

θ f

qβ

L ( f )k1−β

L (s | f )ds−
∫ 1

θ f

wkL(s | f )
q̄LχL

ds,
(17)

where w represents the wage for labor, determined by labor market clearing.

Labor market clearing implies that w = q̄Lχ
1−β

L . The firm’s first-order conditions yield a profit

function that is linear in qM( f ) and qL( f ):

Π f = αMθ f qM( f )+αL(1−θ f )qL( f ), (18)

with αM = β

1−β
χ

1−β

β

M and αL = β

1−β
χ

1−β

L .

The normalization by q̄L ensures a linear stationary equilibrium. Solving the task-level FOCs

delivers a firm profit function linear in (qM,qL), which is what makes the linear value-function guess

(below) valid.
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The marginal instantaneous return of innovation in automated tasks is given by ∂Π f
∂qM( f ) = αMθ f :=

γ f , while the marginal instantaneous profit for non-automated tasks is αL(1−θ f ). The parameter θ f

captures the extensive margin: the larger the θ f , the greater the fraction of tasks that are automated.

Consequently, innovation in automated processes benefits more tasks. The term αM represents the

intensive margin: a larger αM, caused by a larger χM, implies a lower marginal cost of using robots

per task, kM, leading to increased robot usage in each automated production line, thereby enhancing

the marginal return of innovation in automated tasks.

Together, γ f captures the total marginal return to innovation in automated tasks, reflecting both

extensive and intensive margins. Empirically, we interpret γ f as the automation exposure of firm f ,

which depends on these same margins. In our theoretical framework, we assume that αM is identical

across firms, while firms differ in their degree of automation, θ f . In practice, however, various fac-

tors can induce variation in αM. For instance, an increase in the cost of materials that complement

robot use on production lines can be interpreted as a decline in αM. Similarly, firms located in dif-

ferent regions may face heterogeneous wage pressures; regions with high wages can be interpreted as

experiencing a high αM.

6.1 Innovation

We follow Akcigit and Kerr (2018) in modeling innovation as a stochastic arrival process, but

extend their framework to accommodate heterogeneous innovation across task types: automated and

non-automated tasks. Let k ∈ {M,L} denote the task type, where M refers to automated tasks and L

to non-automated tasks. Firms can invest in R&D to enhance the arrival rate zk of innovations that

improve the technology level qk used in task k.

The cost of achieving an arrival rate zk for technology qk is given by

Ck(zk,qk) =Ck(zk)qk,

where the cost function satisfies standard properties: Ck(0) = 0, C′
k(0) = 0, C′′

k (zk) > 0, and there

exists a finite upper bound z̄ such that Ck(z̄) = ∞. Empirically, data generated through automated

tasks can be interpreted as a channel that effectively reduces the cost of future innovation, shifting the
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CM(·) downward. By providing structured information on how robots are used in production, firms

gain insights that facilitate subsequent technological improvements, lower experimentation costs, and

accelerate algorithmic learning in automated processes.

To reflect the time-varying nature of technology, we denote the technology level of firm f in task

k at time t by qk(t | f ), which may be interchangeably written as qk( f ) when time is not the focus.

Given arrival rate zk, the technology level evolves as:

qk(t +∆t | f ) =

(1+λk) ·qk(t | f ) with probability zk∆t,

qk(t | f ) with probability 1− zk∆t,
(19)

where λk denotes the step size of technological improvement from a single innovation.23

6.2 R&D Decision

For a firm f , denoting its value as V , we consider the stationary solution to the economy and the

Markov Perfect Equilibrium, where the value function depends on the state variables qM and qL. We

have a Bellman equation:

rV =max
zM ,zL

{
Π f −CM (zM)qM −CL (zL)qL + zM [V (qM (1+λM) ,qL)−V (qM,qL)]

+zL [V (qM,qL (1+λL))−V (qM,qL)]}
. (20)

Because instantaneous profits are linear in (qM,qL) and R&D costs scale with (qM,qL), the HJB

admits a linear stationary solution. This pins down closed-form FOCs and comparative statics that

generate testable sign predictions.

Here, we omit the subscript f for notational simplicity without loss of clarity. The equation is intu-

itive: on the right-hand side, firm f receives the instantaneous cash flow, which consists of the instan-

taneous profit Π f from production minus the R&D expenditure, along with the expected future cash

flow from innovation. The terms zM [V (qM (1+λM) ,qL)−V (qM,qL)] and zL [V (qM,qL(1+λL))−V (qM,qL)]

23That is, the firm experiences no change in qk with probability 1− zk∆t, and a discrete jump of size λk with probability
zk∆t. The probability of multiple innovations occurring within ∆t is of order o(∆t), and is therefore negligible in the
continuous-time limit.
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represent the net expected value from innovation in automated and non-automated tasks, respectively.

The left-hand side of the equation accounts for the firm’s value discounted at rate r.

Proposition 6.1. The unique solution to Equation (20) is given by V (qM,qL) = AMqM +ALqL, where

AM and AL are determined by: rAM = αMθ f −CM (z∗M)+ z∗MAMλM,

rAL =
(
1−θ f

)
αL −CL (z∗L)+ z∗LALλL.

(21)

The arrival rates z∗M and z∗L chosen by firm f are determined from the first-order conditions:

C′
M (z∗M) = AMλM, and C′

L (z
∗
L) = λLAL. (22)

6.3 Automation and Innovation Shift

We examine how automation affects innovation in automated and non-automated tasks. Let overall

automation be defined as γ f = θ f ×αM, where θ f captures the extensive margin (task coverage) and

αM the intensive margin (degree of automation). We analyze the comparative statics of innovation

arrival, z∗k , with respect to γ for k ∈ {M,L}.

Combine (i) the HJB-implied linear value system for (AM,AL) and (ii) the FOCs for (zM,zL). A

convenient approach is to substitute AM = C′
M(z∗M)/λM into the linear equation for AM, yielding an

implicit equation in z∗M and γ f , then apply the implicit function theorem. This yields ∂ z∗M/∂γ f > 0 and

∂ z∗L/∂γ f < 0 under standard regularity conditions (including finiteness of firm value, which requires

r > z∗kλk). For expositional simplicity, we present the sign result and a compact expression below.

Proposition 6.2. An increase in automation raises innovation in automated tasks but reduces innova-

tion in non-automated tasks:
∂ z∗M
∂γ f

> 0,
∂ z∗L
∂γ f

< 0. (23)

A more explicit form is

∂ z∗M
∂γ

=
λM

(r−λMz∗M)C′′
M (z∗M)

> 0,
∂ z∗L
∂γ

=− λL

(r−λLz∗L)C′′
L (z

∗
L)

· αL

αM
< 0, (24)
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which reduces to the commonly used approximation with denominator r when λkz∗k < r.

This proposition shows that an increase in automation exposure encourages firms to allocate more

effort toward innovation in automated tasks (M), while reducing innovation in non-automated tasks

(L), leading to a rise (decline) in the arrival rate in automated (non-automated) tasks. It formalizes the

intuitive trade-off: as automation raises returns to innovation in automated activities, resources are

reallocated away from non-automated areas.

Interpretation of γ . We empirically proxy automation γ with firm-level robot exposure. The two

components—θ f (the scope of automation) and αM (automation intensity)—map naturally to this

measure. Innovation in automated tasks (zM) is proxied using AI-related patents, while innovation in

non-automated tasks (zL) is proxied using other patents.

Role of cost curvature C′′
k (·). Assume a quadratic cost function Ck(z) =

ck
2 z2. Under this specifi-

cation, firms with lower cM exhibit greater responsiveness to increases in γ , reallocating innovation

more aggressively toward AI. If prior AI engagement lowers cM, then AI-experienced firms will dis-

proportionately shift R&D toward AI in response to automation.

Role of innovation step size λM. The parameter λM captures the productivity impact of a single AI

innovation. Firms with higher λM benefit more from each AI breakthrough and hence reallocate R&D

toward AI more strongly when automation rises.

Role of data availability. An increase in data availability enhances the productivity of AI algo-

rithms, effectively lowering cM. Thus, more data facilitates innovation in automated tasks, further

amplifying the shift toward AI-intensive innovation.

Total R&D, arrival rates, and the innovation J-curve To connect the model to the empirically

observed innovation “J-curve,” we focus on total R&D expenditure and the evolution of arrival rates

(zM,zL) across automated and non-automated tasks.
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Consider a rise in AI-oriented innovation z∗M and a corresponding decline in non-automated inno-

vation z∗L. The total R&D expenditure changes according to the full derivative:

dExpenditure =C′
M(z∗M)dzM +C′

L(z
∗
L)dzL. (25)

Under standard convexity assumptions on Ck(·), there exist conditions where the total arrival rate

declines:

dzM +dzL < 0, (26)

while total R&D expenditure rises:

dExpenditure > 0, (27)

because the marginal cost of R&D in automated tasks increases faster than the reduction in non-

automated R&D.

Over time, as data accumulates and the marginal cost of automated-task R&D (CM) declines—through

learning, algorithmic improvement, or experience—the effective arrival rate of automated-task inno-

vation increases. This generates the characteristic J-curve in total innovation: a temporary slowdown

in overall arrivals followed by a rebound as the accumulated knowledge reduces costs and accelerates

innovation.

Finally, we need to remind the limits of our simple model. This stylized model does not: (i)

model the high-dimensional technology space underlying semantic embeddings; (ii) microfound the

citation-network distance/closeness measures; (iii) endogenize the evolution of θ f (automation adop-

tion) within the model; (iv) explicitly model multi-stage research vs development beyond the reduced-

form (πk,τk) wedge; or (v) deliver quantitative magnitudes without calibration. Its objective is to

provide transparent sign predictions and heterogeneity predictions that map to the empirical results.

7 Conclusion

In recent year, corporate innovations appear to have slowed down despite increases in R&D expendi-

ture. We find evidence that this is a manifestation of firms’ endogenous responses to rising automation

and robot exposure around the globe. We argue that automation and AI innovations are complements
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because the former generates data for the latter, which in turn improves the former’s efficiency. As

firms shift corporate innovations towards AI-oriented ones that entail greater generality and origi-

nality, and thus greater cost, they naturally witness significant immediate declines in patent output

but rises in innovation inputs, with potential long-run benefits. Such automation-induced innovation

shifts are more significant for firms with more AI-related research experience or generate more data,

and can be rationalized in a simple dynamic model.

Our study not only provides an explanation for the puzzling divergence between R&D spending

and patent output, but also constitutes an initial investigation into the broader question of how one

innovation or technology adoption induces other innovations in the short run and over the long term,

which warrants further research. Our findings also inform business strategies and regulatory policies.

In particular, policy makers and firms may need to be more patient with investments associated with

innovation shifts.
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Figures and Tables

Figure I: The Relationship between Robot Exposure and Robot Used per Worker in the U.S.

This figure presents the relationship between estimated robot exposure—aggregated to
industry-level annual averages—and the log-transformed industry-level annual averages of
robot used per worker in the U.S.
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Figure III: Comparison of Relative Costs Between AI Patents and Non-AI Patents

This table presents a comparison of the relative costs of AI and non-AI patents across four dimensions: team size,
labor input, inventor originality, and patent value, for patents filed between 2004 and 2019. Team Size is defined as
the number of inventors contributing to a patent; Labor Input adjusts Team Size by addressing any potential double-
counting of inventors; Inventor Originality is measured as one minus the sum of the shares of patents filed by the
inventor in any given technological class; Patent Value follows the approach proposed by Kogan et al. (2017).
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Table I: The Impact of Robot Exposure on Innovation Shift

This table presents the first and second-stage results of the 2SLS estimation examining the relationship between robot
exposure and the shift in innovation. Specifically, we estimate:

Similarityit = β ×Robot Exposureit +X ′
itγ +δi +ηt + εit ,

where Similarity is measured using both Tech Similarity and Semantic Similarity. Tech Similarityit is quantified by
the cosine similarity of the firm i’s patent distributions between years t and t +5. Semantic Similarityit is calculated
using the cosine similarity of the firm i’s 768-dimensional continuous vector generated by the PatentBERT model
between years t and t + 5. Robot Exposureit measures the degree of robot exposure by firm i in year t and is
standardized to have a mean of zero and a standard deviation of one. Columns (1) and (3) present the first-stage
results. Columns (2) and (4) report the second-stage estimates of the IV results for the coefficients of robot exposure
on technology similarity and semantic similarity for year t, respectively. Firm-level control variables include firm size
(measured by total assets), firm age, leverage ratio, return on assets, and proportion of tangible assets. The sample
period covers the years 2004–2019, and the regression data are at the firm-year level. All regressions control for
firm-fixed effects and year-fixed effects. Firm-level clustered standard errors are reported in parentheses. Coefficients
marked with *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively.

Level Firm-Year

Period t

Model IV

Stage First Stage Second Stage First Stage Second Stage

Variable Robot Exposure Tech Similarity Robot Exposure Semantic Similarity

(1) (2) (3) (4)

Robot Exposure IV 0.003*** 0.003***
(0.001) (0.001)

Robot Exposure -0.300* -0.436**
(0.180) (0.215)

Controls Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Observations 20,815 20,815 18,238 18,238
F Statistics 24.000 18.740
P-value (Underidentification) 0.000 0.000
P-value (Endogeneity) 0.075 0.004
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Table II: The Impact of Robot Exposure on AI-Directed Innovation Shift

This table investigates whether firms shift their innovation activities towards AI-related areas in response to increased
robot exposure. The regressions in Panel A use firm-year level data, whereas Panel B uses patent-firm-year level data.
Panel A estimates the following equation:

yit = β ×Robot Exposureit +X ′
itγ +δi +ηt + εit ,

where the dependent variable y is measured using both AI Closeness and AI Distance. For each patent p,
AI Closenessipt is defined as the cosine similarity between the citation distribution vector of patent p filed by firm i
and that of AI patents in year t. AI Distanceipt captures the shortest path length from patent p to any AI patent in
the citation network of year t. These measures are aggregated at the firm-year level to construct AI Closenessit and
AI Distanceit . Robot Exposureit denotes the standardized level of robot adoption by firm i in year t, with mean zero
and standard deviation one. Columns (1) and (3) report the first-stage results, while Columns (2) and (4) present the
second-stage IV estimates of the effect of robot exposure on AI closeness and AI distance, respectively. In Panel B,
the dependent variables are the AI closeness of each patent and the logarithm of AI distance (plus one), respectively.
Panel C examines the dynamic effects of robot exposure on AI-related innovation in subsequent years. In Panel D,
we model AI patenting as a time-varying Poisson process, with the expected arrival rate specified as:

E
(
yi,t+j | Xit

)
= exp

(
β×Robot Exposureit +X′

itγ +δi +ηt
)
,

where E
(
yi,t+j | Xit

)
represents the expected AI patent counts filed by firm i in year t+ j. Firm-level control variables

include firm size (measured by total assets), firm age, leverage ratio, return on assets, and the proportion of tangible
assets. The sample period spans 2004–2019. All regressions incorporate firm-fixed and year-fixed effects. Firm-level
clustered standard errors are reported in parentheses. Coefficients marked with *, **, and *** indicate significance
at the 10%, 5%, and 1% levels, respectively.

Model IV

Period t

Stage First Stage Second Stage First Stage Second Stage

Variable Robot Exposure AI Closeness Robot Exposure AI Distance

(1) (2) (3) (4)

Panel A: Firm-Year Level
Robot Exposure IV 0.003*** 0.003***

(0.001) (0.001)
Robot Exposure 0.004** -0.736**

(0.002) (0.333)
Observations 20,815 20,815 20,815 20,815
F Statistics 24.000 24.000
P-value (Underidentification) 0.000 0.000
P-value (Endogeneity) 0.002 0.002

Panel B: Patent-Firm-Year Level
Robot Exposure IV 0.015*** 0.015***

(0.000) (0.000)
Robot Exposure 0.081*** -0.048***

(0.004) (0.012)
Observations 607,772 607,772 607,772 607,772
F Statistics 14.460 14.460
P-value (Underidentification) 0.000 0.000
P-value (Endogeneity) 0.000 0.000
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(Continued)

Level Firm-Year

Panel C: Long-Term Effects

Model IV

Stage Second Stage

Variable AI Closeness AI Distance

Period t+1 t+2 t+3 t+1 t+2 t+3

(1) (2) (3) (4) (5) (6)

Robot Exposure 0.004* 0.006* 0.004* -0.799* -0.602 -0.042
(0.002) (0.003) (0.002) (0.443) (0.475) (0.416)

Observations 18,088 15,908 13,945 18,088 15,908 13,945
F Statistics 15.580 11.550 11.150 15.580 11.550 11.150
P-value (Underidentification) 0.003 0.010 0.010 0.003 0.010 0.010
P-value (Endogeneity) 0.001 0.001 0.001 0.001 0.001 0.001

Panel D: AI Patent Counts

Model Poisson

Variable AI Patent Count

Period t t+1 t+2 t+3

(1) (2) (3) (4)

Robot Exposure 0.211*** 0.244*** 0.170** 0.004
(0.066) (0.077) (0.085) (0.099)

Observations 3,058 2,692 2,396 2,083

Controls Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
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Table III: The Impact of Robot Exposure on 8 Types of AI Closeness/AI Distance

This table presents the second-stage results of the 2SLS estimation, analyzing which specific AI-related fields firms
adjust their innovations towards in response to increased robot exposure. We employ an alternative measure of AI
patents following H. Fang et al. 2025. Here, we consider eight subfields of AI, including machine learning (ML),
evolutionary computation (EVO), natural language processing (NLP), speech processing (SPEECH), computer vision
(VISION), knowledge representation (KR), planning and control (PLAN), and AI hardware (HW). We divide each
AI patent into one or more of these fields and calculate the closeness/distance for any given patent to the specific field
AI patents. Specifically, we estimate:

yit = β ×Robot Exposureit +X ′
itγ +δi +ηt + εit ,

where the dependent variable y is measured using both AI Closeness and AI Distance. Robot Exposureit measures
the degree of robot exposure by firm i in year t and is standardized to have a mean of zero and a standard deviation
of one. Firm-level control variables include firm size (measured by total assets), firm age, leverage ratio, return on
assets, and the proportion of tangible assets. The sample period spans 2004–2019, and the regression data are at the
firm-year level. All regressions incorporate firm-fixed and year-fixed effects. Firm-level clustered standard errors are
reported in parentheses. Coefficients marked with *, **, and *** indicate significance at the 10%, 5%, and 1% levels,
respectively.

Level Firm-Year

Model IV

Stage Second Stage

Period t

Types ML EVO NLP SPEECH VISION KR PLAN HW

(1) (2) (3) (4) (5) (6) (7) (8)

Alternative AI Patent Measure: H. Fang et al. 2025

Variable Panel A: AI Closeness

Robot Exposure 2.617** 2.573** 2.679** 2.609** 2.646** 2.653** 2.573** 2.643**
(1.162) (1.145) (1.193) (1.151) (1.193) (1.166) (1.174) (1.187)

Observations 20,815 20,815 20,815 20,815 20,815 20,815 20,815 20,815
F Statistics 24.000 24.000 24.000 24.000 24.000 24.000 24.000 24.000
P-value (Underidentification) 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P-value (Endogeneity) 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Variable Panel B: AI Distance

Robot Exposure 0.036 -0.007 -0.030 -0.015 -0.054 -0.044 0.005 -0.019
(0.231) (0.229) (0.217) (0.218) (0.233) (0.226) (0.233) (0.240)

Observations 20,815 20,815 20,815 20,815 20,815 20,815 20,815 20,815
F Statistics 24.000 24.000 24.000 24.000 24.000 24.000 24.000 24.000
P-value (Underidentification) 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P-value (Endogeneity) 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes
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Table IV: The Impact of Robot Exposure on Data Generation

This table presents the results of the 2SLS estimation, which investigates the relationship between robot exposure
and data generation. Specifically, we estimate the following equation:

Data Generationit = β ×Robot Exposureit +X ′
itγ +δi +ηt + εit ,

where Data Generationit represents the frequency of data-generation-related keywords in firm i’s 10-K report for
year t, normalized by the total word count of the report for that year. Robot Exposureit measures the degree of
robot exposure by firm i in year t. Both Data Generation and Robot Exposure are standardized to have a mean of
zero and a standard deviation of one. Columns (1) and (2) present the first and second stage coefficients of robot
exposure on data generation, respectively. Columns (3)-(5) present the results of the heterogeneity analysis for firm
size. Large firms are identified using Dummy (Sales > 75%), which equals one if the firm’s sales revenue is in the top
25% within its industry and year. Firm-level control variables include firm size (measured by total assets), firm age,
leverage ratio, return on assets, and the proportion of tangible assets. The sample period spans the years 2004–2019,
and the regression data are at the firm-year level. All regressions control for firm-fixed effects and year-fixed effects.
Firm-level clustered standard errors are reported in parentheses. Coefficients marked with *, **, and *** indicate
significance at the 10%, 5%, and 1% levels, respectively.

Level Firm-Year

Period t

Model IV

Stage First Stage Second Stage First Stage Second Stage

Variable Robot
Exposure

Data
Generation

Robot
Exposure

Robot Exposure ×
Dummy (Sales > 75%)

Data
Generation

(1) (2) (3) (4) (5)

Robot Exposure IV 0.003*** 0.004*** -0.000
(0.001) (0.001) (0.001)

Robot Exposure IV × Dummy
(Sales > 75%) -0.000 0.004***

(0.001) (0.001)
Robot Exposure 1.313*** 1.043**

(0.485) (0.476)
Robot Exposure × Dummy
(Sales > 75%) 0.739*

(0.439)
Dummy (Sales > 75%) 0.014 0.021 -0.032

(0.018) (0.018) (0.044)
Controls Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Observations 20,815 20,815 20,815 20,815 20,815
F Statistics 25.980 13.060
P-value (Underidentification) 0.000 0.000
P-value (Endogeneity) 0.000 0.000
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Table V: The impact of Robot Exposure on the Cumulative Innovation Outputs

This table examines the impact of robot exposure on firms’ cumulative innovation outputs over multiple years. Panel
A and Panel B present results for the cumulative number of patents and cumulative patent value, respectively.
Columns (1)–(6) in each panel report Poisson and second-stage 2SLS estimates over horizons from 1 to 6 years.
Patent grants are modeled as a time-varying Poisson process, with the expected arrival rate specified as:

E
(
yi,t+j | Xit

)
= exp

(
β×Robot Exposureit +X′

itγ +δi +ηt
)
,

where E
(
yi,t+j | Xit

)
denotes the expected cumulative number of patents filed by firm i from year t to year t +

j. The patent count is adjusted following Acemoglu, Akcigit, and Kerr (2016), by normalizing forward five-year
citations using the average citation count within each 3-digit CPC class. Robot Exposureit captures the extent of
robot adoption by firm i in year t, standardized to have mean zero and unit variance. For patent value, we estimate:

yi,t+ j = β ×Robot Exposureit +X ′
itγ +δi +ηt + εit ,

where yi,t+ j represents the cumulative patent value filed by firm i from year t to year t+ j, following the methodology
of Kogan et al. (2017). Specifically, we deflate forward five-year citations and aggregate the resulting patent values at
the firm level. Firm-level control variables include firm size (measured by total assets), firm age, leverage ratio, return
on assets, and the proportion of tangible assets. The sample period spans the years 2004–2019, and the regression data
are at the firm-year level. All regressions control for firm-fixed effects and year-fixed effects. Firm-level clustered
standard errors are reported in parentheses. Coefficients marked with *, **, and *** indicate significance at the 10%,
5%, and 1% levels, respectively.

Level Firm-Year

Period t

Cumulative 1 year 2 years 3 years 4 years 5 years 6 years

(1) (2) (3) (4) (5) (6)

Model Poisson

Variable Panel A: Citation-Deflated Patent Count

Robot Exposure -0.086** -0.061* -0.042 -0.016 0.018 0.040*
(0.035) (0.034) (0.034) (0.029) (0.021) (0.023)

Observations 16,473 14,603 12,804 11,090 9,536 8,175

Model IV

Variable Panel B: Citation-Deflated Patent Value

Robot Exposure -0.997** -1.163** -1.298* -1.094* -0.988 -0.537
(0.475) (0.583) (0.757) (0.602) (0.665) (0.445)

Observations 20,815 18,088 15,630 13,429 11,483 9,801
F Statistics 24.000 15.980 10.160 11.730 8.549 10.260
P-value (Underidentification) 0.000 0.003 0.017 0.009 0.030 0.022
P-value (Endogeneity) 0.004 0.002 0.003 0.003 0.013 0.090

Controls Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
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Table VI: The Impact of Robot Exposure on R&D Expenditures

This table presents the results of the 2SLS estimation, which investigates the relationship between robot exposure
and R&D expenditures. Specifically, we estimate the following equation:

yit = β1 ×Robot Exposureit +β2 ×R&D Dummyit +X ′
itγ +δi +ηt + εit ,

where yit represents firm i’s R&D expenditure ratios in year t. We examine two measures of R&D expenditure:
R&D normalized by total assets and R&D normalized by total sales. Robot Exposureit captures the degree of robot
exposure for firm i in year t, standardized to have a mean of zero and a standard deviation of one. R&D Dummyit
is a dummy variable to indicate whether the firm i has R&D expenditure in year t. Columns (1) and (3) present
the first-stage results. Columns (2) and (4) report the second-stage estimates of the IV results for the coefficients of
robot exposure on R&D/Total Assets and R&D/Sales for year t, respectively. Firm-level control variables include
firm size (measured by total assets), firm age, leverage ratio, return on assets, and the proportion of tangible assets.
The sample period spans the years 2004–2019, and the regression data are at the firm-year level. All regressions
control for firm-fixed effects and year-fixed effects. Firm-level clustered standard errors are reported in parentheses.
Coefficients marked with *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Level Firm-Year

Period t

Model IV

Stage First Stage Second Stage First Stage Second Stage

Variable Robot Exposure R&D/Total Assets Robot Exposure R&D/Sales

(1) (2) (3) (4)

Robot Exposure IV 0.003*** 0.003***
(0.001) (0.001)

Robot Exposure 0.104* 0.385**
(0.060) (0.187)

R&D Dummy 0.057** 0.329*** 0.001 0.259***
(0.028) (0.011) (0.008) (0.008)

Controls Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Observations 20,815 20,815 20,815 20,815
F Statistics 23.340 23.980
P-value (Underidentification) 0.000 0.000
P-value (Endogeneity) 0.021 0.000
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Table VII: The Impact of Robot Exposure on Patent Generality/Originality

This table presents the two-stage results of the 2SLS estimation, examining how a firm’s robot exposure affects its
patent generality and originality. The regression data used in Panel A are at the firm-year level, while the data in
Panel B are at the patent-firm-year level. Specifically, we estimate the following equation in Panel A:

yit = β ×Robot Exposureit +X ′
itγ +δi +ηt + εit ,

where yit denotes the aggregated innovation quality of firm i’s patents at the firm level in year t. The innovation
quality measure includes two components: Generality is calculated as one minus the sum of the shares of citations
that a given patent receives from any technology class within five years of its issuance. Originality is measured as
one minus the sum of the shares of patents that a given patent cites across any technology class. Empirically, we
define technology classes at the 3-digit CPC level. Robot Exposureit measures the degree of robot exposure by firm
i in year t and is standardized to have a mean of zero and a standard deviation of one. Column (1) and (3) present
the first-stage result. Columns (2) and (4) report the second-stage estimates of the IV results for the coefficients of
robot exposure on generality and originality for year t, respectively. Firm-level control variables include firm size
(measured by total assets), firm age, leverage ratio, return on assets, and the proportion of tangible assets. The sample
period spans 2004–2019. All regressions incorporate firm-fixed and year-fixed effects. Firm-level clustered standard
errors are reported in parentheses. Coefficients marked with *, **, and *** indicate significance at the 10%, 5%, and
1% levels, respectively.

Period t
Model IV
Stage First Stage Second Stage First Stage Second Stage
Variable Robot Exposure Generality Robot Exposure Originality

(1) (2) (3) (4)

Panel A: Firm-Year Level
Robot Exposure IV 0.003*** 0.003***

(0.001) (0.001)
Robot Exposure 0.135* 0.028**

(0.070) (0.013)
Observations 20,815 20,815 20,815 20,815
F Statistics 24.000 24.000
P-value (Underidentification) 0.000 0.000
P-value (Endogeneity) 0.017 0.003

Panel B: Patent-Firm-Year Level
Robot Exposure IV 0.016*** 0.017***

(0.000) (0.000)
Robot Exposure 0.042*** 0.041***

(0.005) (0.004)
Observations 365,009 365,009 607,772 607,772
F Statistics 21.550 19.900
P-value (Underidentification) 0.000 0.000
P-value (Endogeneity) 0.000 0.000
Controls Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
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Table VIII: The Effect of Prior AI Research Experience on AI-Directed Innovation Shift

This table presents the two-stage results of the 2SLS estimation, examining the relationship between firms’ prior AI
research experience and their shift towards AI-directed innovation at the firm-year level. Specifically, we estimate
the following equation:

yit = β1 ×Dummy(AI Experience)i,03 ×Robot Exposureit +β2 ×Robot Exposureit +X ′
itγ +δi +ηt + εit ,

where yit is the AI Closeness (Distance) of firm i at year t. For each patent p, AI Closenessipt is calculated as the
cosine similarity between the citation distribution vectors of firm i’s patent p and AI patents in year t. AI Distanceipt
represents the minimum number of steps required for firm i’s patent p to reach AI patents within the citation network
in year t. These two metrics are aggregated at the firm level. Robot Exposureit measures the degree of robot exposure
by firm i in year t. Dummy(AI Experience)i,03 is a dummy variable equal to 1 if firm i’s AI experience prior to 2004
is above the industry median for that year, and 0 otherwise. Firm-level control variables include firm size (measured
by total assets), firm age, leverage ratio, return on assets, and the proportion of tangible assets. The sample period
spans the years 2004–2019, and the regression data are at the firm-year level. All regressions control for firm-fixed
effects and year-fixed effects. Firm-level clustered standard errors are reported in parentheses. Coefficients marked
with *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Level Firm-Year

Period t

Model IV

Stage First Stage Second
Stage First Stage Second

Stage

Variable Robot
Exposure

Robot Exposure ×
Dummy (AI Exp)

AI
Closeness

Robot
Exposure

Robot Exposure ×
Dummy (AI Exp) AI Distance

(1) (2) (3) (4) (5) (6)

Robot Exposure IV 0.003*** -0.000 0.003*** -0.000
(0.001) (0.000) (0.001) (0.000)

Robot Exposure IV ×
Dummy (AI Exp) 0.004 0.010*** 0.004 0.010***

(0.003) (0.003) (0.003) (0.003)
Robot Exposure 0.001 -0.768*

(0.001) (0.396)
Robot Exposure × Dummy
(AI Exp) 0.011** 0.123

(0.005) (0.388)
Observations 20,815 20,815 20,815 20,815 20,815 20,815
F Statistics 10.280 10.280
P-value
(Underidentification) 0.001 0.001

P-value (Endogeneity) 0.000 0.000

Controls Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
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Internet Appendix

Appendix A: Figures

Figure A1: Distribution of Robot Exposure

This figure shows the distribution of robot exposure in the years 2004, 2010, 2015, and 2019.
Robot exposure is defined as the frequency of robot-related keywords in 10-K filings, nor-
malized by the total word count in each report and standardized to have a mean of 0 and a
variance of 1. The figure also presents summary statistics for robot exposure in these four
years, including the mean, standard deviation, minimum, and maximum values.
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Figure A2: Distribution of Incremental Changes in Robot Exposure for the Top 10% of Firms

This figure illustrates the incremental changes in robot exposure across four key years: 2006,
2010, 2015, and 2019. For each of these years, we identify the top 10% of firms based on
the magnitude of the change in robot exposure from the previous year. We then compute the
robot exposure change in the subsequent year for these firms and present the distribution of
these incremental changes.
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Figure A3: Difference in AI Closeness between AI Patents and Non-AI Patents

This figure compares the difference in AI closeness between AI patents and non-AI patents. Specifi-
cally, we randomly designate 10% of AI patents as non-AI patents while treating the remaining 90% as
“representative” AI patents. We then compute the AI closeness of all other non-AI patents, including
both the sampled pseudo non-AI patents and genuine non-AI patents, relative to the “representative” AI
patents. The resulting AI closeness metrics are presented in histograms to compare the distribution of AI
closeness between the pseudo non-AI patents and genuine non-AI patents.
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Figure A4: The Impact of Robot Exposure on Different Types of Patent Classes

This figure examines how robot exposure affects different patent classes, categorized by two-digit CPC
codes. To capture heterogeneity, we estimate a Poisson model with interaction terms between robot
exposure and CPC category indicators:

E
(
yi,t+ j | Xit

)
= exp

(
∑
n

ρn
(
CPCn ×Robot Exposureit

)
+β ×Robot Exposureit +X′

it γ +δi +ηt

)
,

where yi,t+ j is the expected number of patents filed by firm i in year t + j. Each CPCn is an indicator
for patents classified under CPC class n. Robot Exposure measures the degree of robot exposure by firm
i in year t. Firm-level control variables include firm size (measured by total assets), firm age, leverage
ratio, return on assets, and the proportion of tangible assets. The model also includes firm-fixed effects
and year-fixed effects. The sample period spans 2004-2019. The figure highlights the top ten CPC
classes with statistically significant interaction coefficients, indicating whether robot exposure amplifies
or dampens innovation in those specific technology classes.
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Appendix B: Tables

Table A1: Summary of the Match between Compustat and USPTO

This table summarizes the matching process between Compustat and USPTO data from 2004 to 2019. For each
year, the table lists the total number of Compustat firms, the number (and percentage) of those firms that have
at least one patent, and the total number of matched patents granted to these firms.

Year # of Firms # of Firms with
at least one patent

% of Firms with
at least one patent

# of Matched patents
in our sample

2004 1,717 853 49.68% 39,095

2005 1,690 829 49.05% 40,770

2006 1,629 823 50.52% 39,914

2007 1,571 808 51.43% 41,283

2008 1,416 735 51.91% 41,819

2009 1,353 720 53.22% 34,222

2010 1,310 733 55.95% 38,425

2011 1,265 748 59.13% 43,131

2012 1,243 748 60.18% 52,235

2013 1,248 774 62.02% 52,859

2014 1,220 713 58.44% 48,754

2015 1,186 695 58.60% 51,868

2016 1,130 657 58.14% 50,442

2017 1,079 628 58.20% 45,509

2018 1,029 572 55.59% 29,869

2019 876 485 55.37% 11,045

Total 20,962 11,521 54.96% 661,240
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Table A2: Keyword List for Defining Robot Exposure

This table presents the keywords used to define firm-level robot exposure, based on a comprehensive review
of literature on robot adoption. A substantial portion of these keywords derives from IFR Reports, which
provide detailed definitions of industrial robots and their applications. When counting keyword frequencies,
case sensitivity and plural/singular distinctions are disregarded.

References Keywords

IFR Reports Adopt robot More robot Robot invest

Acemoglu and Restrepo (2019) Assemble robot Multiple robot Robot labor

Acemoglu and Restrepo (2020)
Automatically controlled

manipulator
Multipurpose
manipulator

Robot
manufacturing

Acemoglu and Restrepo (2022) Automation application Program robot Robot module

Berg, Buffie, and Zanna (2018) Automated machine
Reprogrammable

manipulator
Robot motor

Caselli and Manning (2019) Automated robot Rise of robot Robot revolution

Dixon, Hong, and L. Wu (2021) Automated system Robot adopt Robot stock

Graetz and Michaels (2018) Automated technology Robot advance Robot supply

Guerreiro, Rebelo, and Teles (2022) Collaborative robot Robot application Robot supporting

Zeira (1998) Collaborative system Robot arithmetic Robot system

Computer-assisted
machine

Robot arm Robot technology

Co-robot Robot automation Robot utilization

Employ robot Robot capacity Robot vehicle

Exposure to robot Robot capital Robot welding

Flat panel handler Robot control Robot-based

Full-automated Robot decelerator Robot-driven

Full-process robot Robot dedicated Robotic arm

Handling operation Robot density Robotic hardware

IFR Robot employ Robotic platform

Industrial machine Robot exposure Robotic software

Industrial robot Robot gripper Robot-related

Install robot Robot head Robot-specialized

Labor-replacing machine Robot input Robot-to-labor

Machine tending Robot install Smart machine

Maintain robot Robot intensity Stock of robot

Manufacture robot Robot introduction Use of robot
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Table A3: Correspondence of Industry Classifications

This table presents the mapping of industries based on 2-digit SIC codes, which are aggregated into 15 broad
categories (SIC15), and shows the correspondence between SIC15 categories, IFR industry codes, and EU
KLEMS industry classifications.

SIC2 SIC15 SIC15 Industry Description IFR Industry EU KLEMS Industry

01–09 1 Agriculture, hunting, forestry, and
fishing A–B A

10–14 2 Mining and quarrying C B

20–21 3 Food products and beverages;
tobacco products D10–D12 C10–C12

22–23, 31 4 Textiles, leather, wearing apparel D13–D15 C13–C15

24–25, 26–27 5
Wood and wood products, paper
and paper products, publishing and
printing

D16–D18 C16–C18

28–30, 32 6
Plastic and chemical products,
glass, ceramics, stone, mineral
products

D19–D23 C19–C23

33–34 7 Basic metals and metal products D24–D25 C24–C25
35 8 Metal machinery D28 C28

36, 38 9 Electrical/electronics D26–D27 C26–C27

37 10 Automotive and other transport
equipment D29–D30 C29–C30

39 11 All other manufacturing branches 91 C31–C33
49 12 Electricity, gas and water supply E D–E

15–17 13 Construction F F

82, 87 14 Education, research and
development P M–Q

40–48, 50–69,
70–81, 83–86,

88–99
15 All other non-manufacturing

branches 90 G–L, R–U
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Table A4: Robustness Checks: Specifications with and without Controls

This table presents robustness results across specifications with and without controls. The dependent variables in-
clude: Tech Similarity, Semantic Similarity, AI Closeness, AI Distance, R&D/Total Assets, R&D/Sales, Patent Value, and Patent Count.
Robot Exposure quantifies the degree of automation faced by each firm in a given year, standardized to have a mean
of zero and a standard deviation of one. Columns (1)–(7) present second-stage results from 2SLS regressions, while
Column (8) reports estimates from a Poisson regression. The sample period spans 2004–2019. The regression data
are at the firm-year level. All regressions incorporate firm-fixed and year-fixed effects. Firm-level clustered standard
errors are reported in parentheses. Coefficients marked with *, **, and *** indicate significance at the 10%, 5%, and
1% levels, respectively.

Period t

Model IV Poission

Variable Tech
Similarity

Semantic
Similarity

AI
Closeness

AI
Distance

R&D/Total
Assets

R&D/
Sales

Patent
Value

Patent
Count

(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: Specification without Controls

Robot Exposure -0.198 -0.388** 0.004** -0.874*** 0.118* 0.429** -1.081** -0.093**
(0.157) (0.183) (0.002) (0.332) (0.064) (0.182) (0.448) (0.040)

Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes
F Statistics 28.180 28.180 28.180 23.180 28.180 28.180 28.180
P-value (Underidentification) 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P-value (Endogeneity) 0.004 0.001 0.000 0.002 0.002 0.001 0.004
Observations 20,815 18,238 20,815 20,815 20,815 20,815 20,815 16,473

Panel B: Specification with Controls

Robot Exposure -0.300* -0.436** 0.004** -0.736** 0.104* 0.385** -0.997** -0.086**
(0.180) (0.215) (0.002) (0.333) (0.060) (0.187) (0.475) (0.035)

Age -0.115*** -0.062* -0.000 0.168*** 0.061*** 0.037 0.087 0.031
(0.028) (0.033) (0.000) (0.054) (0.011) (0.033) (0.074) (0.192)

Size 0.016** 0.026*** 0.001*** -0.035** -0.000 0.005 0.262*** 0.397***
(0.008) (0.008) (0.000) (0.015) (0.003) (0.011) (0.022) (0.082)

ROA -0.023* 0.014 0.000 0.017 0.020*** 0.014 0.119*** -0.129
(0.013) (0.014) (0.000) (0.021) (0.005) (0.016) (0.025) (0.168)

Leverage -0.008 -0.016 -0.000 0.048** 0.024*** -0.020 -0.057* -0.260
(0.014) (0.015) (0.000) (0.024) (0.006) (0.013) (0.032) (0.199)

Tangibility -0.079** -0.016 -0.001*** 0.053 0.086*** 0.094** -0.095 -1.397**
(0.032) (0.034) (0.000) (0.062) (0.011) (0.040) (0.078) (0.585)

Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes
F Statistics 24.000 18.740 24.000 24.000 24.000 24.000 24.000
P-value (Underidentification) 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P-value (Endogeneity) 0.075 0.004 0.002 0.002 0.021 0.000 0.004
Observations 20,815 18,238 20,815 20,815 20,815 20,815 20,815 16,473
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Table A5: Top 20 Words: Relative Frequency Differences between High- and Low-Robot-Exposure Patents

This table displays the top 20 n-grams with the highest relative frequency differences between patents with
robot exposure above the median and those below the median, based on samples from 2010, 2015, and 2019.
To compute these values, we first normalize n-gram frequencies for each group and year relative to the baseline
year of 2004. We then calculate the ratio of normalized frequencies between the high- and low-exposure groups
and apply a natural log transformation to obtain group-level log-ratios of n-gram prominence. Figure II presents
word clouds corresponding to the results shown in the table.

Year 2010 2015 2019

No. N-grams Freq. N-grams Freq. N-grams Freq.

1 Relates genetic 4.757 Turbine engine 5.914 Golf club 4.228

2 Still provided 4.670 Article footwear 5.651 Club head 4.228

3 Provided invention 4.670 Rotor blade 5.433 First electromagnetic 4.198

4 Plant plant 4.418 Wind turbine 5.291 Golf ball 4.153

5 Invention thus 4.412 Treatment fluid 5.279 Transmission medium 4.121

6 Plants plant 4.400 Sole structure 5.055 Syntax elements 4.054

7 Automated banking 4.400 Golf club 5.025 Work function 4.054

8 Provided seed 4.400 Gas turbine 4.952 Electromagnetic wave 3.865

9 Banking machine 4.351 Club head 4.911 Function metal 3.865

10 Plants produced 4.339 Drill bit 4.903 Fin structure 3.755

11 Transmitting devices 4.266 Glass sheet 4.841 Disclosure may 3.737

12 Derived use 4.203 Drill string 4.813 Communications described 3.731

13 Parts produced 4.203 Glass article 4.724 Electrical return 3.731

14 Graphical program 4.144 Suction side 4.682 Electromagnetic waves 3.713

15 Transgenic soybean 4.144 Ceramic matrix 4.627 Network controller 3.657

16 Dual clutch 4.144 Drilling fluid 4.615 Requiring electrical 3.605

17 Replacement gate 4.096 Matrix composite 4.592 Core comprising 3.549

18 Gate conductor 4.096 Downhole tool 4.544 Surface transmission 3.549

19 Interface object 4.080 Turbine component 4.531 Numerous aspects 3.549

20 Storage environment 4.080 Nonhuman animals 4.383 Recording tape 3.520
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Table A6: Keyword List for Defining AI Patents

This table lists the AI-related keywords used to identify AI patents. In the analysis, we do not distinguish
between case sensitivity and singular and plural forms of these keywords.

Keywords

Bayesian belief network Neural network

Collaborative system Neuromorphic computing

Computer vision Optimal research

Crowdsourcing and human computation Pattern analysis

Decision-making Pattern recognition

Deep learning Physical symbol system

Generative model Reinforcement learning

Image alignment Sensor data fusion

Image grammar Sensor network

Image matching Supervised learning

Knowledge representation and reasoning Symbol processing

Layered control system Symbolic error analysis

Logic theorist Symbolic reasoning

Machine intelligence Symbolic system

Machine learning System and control theory

Natural language processing Unsupervised learning
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Table A7: The Impact of Robot Exposure on 8 Types of AI Closeness/AI Distance (USPTO-Based Measure)

This table presents the second-stage results of the 2SLS estimation, analyzing which specific AI-related fields firms
adjust their innovations towards in response to increased robot exposure. We employ an alternative measure of
AI patents based on USPTO records. Here, we consider eight subfields of AI, including machine learning (ML),
evolutionary computation (EVO), natural language processing (NLP), speech processing (SPEECH), computer vision
(VISION), knowledge representation (KR), planning and control (PLAN), and AI hardware (HW). We divide each
AI patent into one or more of these fields and calculate the closeness/distance for any given patent to the specific field
AI patents. Specifically, we estimate:

yit = β ×Robot Exposureit +X ′
itγ +δi +ηt + εit ,

where the dependent variable y is measured using both AI Closeness and AI Distance. Robot Exposureit measures
the degree of robot exposure by firm i in year t and is standardized to have a mean of zero and a standard deviation
of one. Firm-level control variables include firm size (measured by total assets), firm age, leverage ratio, return on
assets, and the proportion of tangible assets. The sample period spans 2004–2019, and the regression data are at the
firm-year level. All regressions incorporate firm-fixed and year-fixed effects. Firm-level clustered standard errors are
reported in parentheses. Coefficients marked with *, **, and *** indicate significance at the 10%, 5%, and 1% levels,
respectively.

Level Firm-Year

Model IV

Stage Second Stage

Period t

Types ML EVO NLP SPEECH VISION KR PLAN HW

(1) (2) (3) (4) (5) (6) (7) (8)

Alternative AI Patent Measure: USPTO

Variable Panel A: AI Closeness

Robot Exposure 2.908** 2.747** 2.602** 2.665** 2.936** 3.129** 3.364** 2.667**
(1.294) (1.223) (1.158) (1.180) (1.315) (1.429) (1.519) (1.191)

Observations 20,815 20,815 20,815 20,815 20,815 20,815 20,815 20,815
F Statistics 24.000 24.000 24.000 24.000 24.000 24.000 24.000 24.000
P-value (Underidentification) 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P-value (Endogeneity) 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Variable Panel B: AI Distance

Robot Exposure -0.090 -0.128 -0.231 -0.155 -0.104 0.009 -0.110 -0.106
(2.909) (2.894) (2.892) (2.894) (2.915) (2.959) (2.945) (2.932)

Observations 20,815 20,815 20,815 20,815 20,815 20,815 20,815 20,815
F Statistics 24.000 24.000 24.000 24.000 24.000 24.000 24.000 24.000
P-value (Underidentification) 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P-value (Endogeneity) 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes
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Table A8: Keyword List for Defining Data Generation

This table presents the set of data-generation-related keywords employed to construct firm-level data generation
measures. We proxy data generation by counting the occurrence of these keywords in 10-K filings. The first
column references a broad range of literature, while the subsequent columns list the keywords. In counting
keyword frequencies, we disregard case sensitivity and singular/plural distinctions.

References Keywords

Abis and Veldkamp (2024) Big data Data sharing

Bajari et al. (2019) Business data Data storage

Brynjolfsson and McElheran (2016) Data accumulation Data volume

L. Wu, Hitt, and Lou (2020) Data asset Database management

C. Zhu (2019) Data available Digital technology

Data capability Electronic data

Data collection Generate data

Data creation Information based

Data driven Information provision

Data extraction Intangible asset

Data gathering Intensive information

Data generation Massive information

Data infrastructure More data

Data mart New information

Data mining Rich data

Data process Rich information
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Table A9: Prior AI Research Experience and AI-Directed Innovation Shift (Patent–Firm–Year Analysis)

This table presents the two-stage results of the 2SLS estimation, examining the relationship between firms’ prior AI
research experience and their shift towards AI-directed innovation at the patent-firm-year level. For each patent p,
AI Closenessipt is calculated as the cosine similarity between the citation distribution vectors of firm i’s patent p and
AI patents in year t. AI Distanceipt represents the minimum number of steps required for firm i’s patent p to reach
AI patents within the citation network in year t. Robot Exposureit measures the degree of robot exposure by firm i
in year t. Dummy(AI Experience)i,03 is a dummy variable equal to 1 if firm i’s AI experience prior to 2004 is above
the industry median for that year, and 0 otherwise. Firm-level control variables include firm size (measured by total
assets), firm age, leverage ratio, return on assets, and the proportion of tangible assets. The sample period spans the
years 2004–2019. All regressions control for firm-fixed effects and year-fixed effects. Firm-level clustered standard
errors are reported in parentheses. Coefficients marked with *, **, and *** indicate significance at the 10%, 5%, and
1% levels, respectively.

Level Patent-Firm-Year

Period t

Model IV

Stage First Stage Second
Stage First Stage Second

Stage

Variable Robot
Exposure

Robot Exposure ×
Dummy (AI Exp)

AI
Closeness

Robot
Exposure

Robot Exposure ×
Dummy (AI Exp) AI Distance

(1) (2) (3) (4) (5) (6)

Robot Exposure IV 0.014*** -0.004*** 0.014*** -0.004***
(0.000) (0.000) (0.000) (0.000)

Robot Exposure IV ×
Dummy (AI Exp) 0.001*** 0.018*** 0.001*** 0.018***

(0.000) (0.000) (0.000) (0.000)
Robot Exposure 0.050*** -0.040***

(0.004) (0.015)
Robot Exposure × Dummy
(AI Exp) 0.053*** -0.049**

(0.005) (0.019)
Observations 607,772 607,772 607,772 607,772 607,772 607,772
F Statistics 14.992 16.094
P-value
(Underidentification) 0.000 0.000

P-value (Endogeneity) 0.000 0.000

Controls Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
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Table A10: The Impact of Robot Exposure on the Cumulative Number of Patents

This table examines the impact of robot exposure on firms’ cumulative number of patents over multiple years. Panel
A and Panel B present results based on a balanced panel using Poisson regressions and second-stage 2SLS regressions
over horizons from 1 to 6 years. Firm-level control variables include firm size (measured by total assets), firm age,
leverage ratio, return on assets, and the proportion of tangible assets. The sample period spans 2004–2019, and the
data are at the firm-year level. All regressions include firm fixed effects and year fixed effects. Standard errors are
clustered at the firm level and reported in parentheses. Coefficients marked with *, **, and *** indicate significance
at the 10%, 5%, and 1% levels, respectively.

Level Firm-Year

Period t

Variable Citation-Deflated Patent Count

Cumulative 1 year 2 years 3 years 4 years 5 years 6 years

(1) (2) (3) (4) (5) (6)

Model Poisson

Sample Balanced Panel

Robot Exposure 0.015 0.039 0.044** 0.042* 0.041* 0.040*
(0.027) (0.026) (0.022) (0.022) (0.023) (0.023)

Observations 8,175 8,175 8,175 8,175 8,175 8,175

Model IV

Robot Exposure -0.420* -0.560* -0.699 -0.725* -0.907 -0.685
(0.226) (0.330) (0.457) (0.414) (0.551) (0.419)

Observations 20,815 18,088 15,630 13,429 11,483 9,801
F Statistics 24.000 15.980 10.160 11.730 8.549 10.260
P-value (Underidentification) 0.000 0.003 0.017 0.009 0.030 0.022
P-value (Endogeneity) 0.001 0.001 0.000 0.003 0.001 0.006

Controls Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
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Table A11: Comparison of Relative Costs Between AI Patents and Non-AI Patents

This table reports results from an OLS regression analyzing the relative costs associated with AI patents com-
pared to non-AI patents, corresponding to Figure III. Specifically, we estimate the following model:

yipt = β ×Dummy(AI Patent)ipt +θit + εipt ,

where yipt denotes the cost of patent p filed by firm i in year t. The dependent variable is examined through four
distinct measures: Team Size is defined as the number of inventors contributing to a patent; Labor Input adjusts
Team Size by addressing any potential double-counting of inventors; Inventor Originality is measured as one
minus the sum of the shares of patents filed by the inventor in any given technological class; Patent Value
follows the approach proposed by Kogan et al. (2017). The key independent variable is Dummy(AI patent),
which takes a value of 1 if the patent is categorized as an AI patent and 0 otherwise. Firm-level control variables
include firm size (measured by total assets), firm age, leverage ratio, return on assets, and the proportion of
tangible assets. The sample period spans 2004–2019, and the regression data are at the patent-firm-year level.
Firm-level clustered standard errors are reported in parentheses. Coefficients marked with *, **, and ***
indicate significance at the 10%, 5%, and 1% levels, respectively.

Level Patent-Firm-Year

Model OLS

Period t

Variable Team Size Labor Input Inventor Originality Patent Value

(1) (2) (3) (4) (5) (6) (7) (8)

Dummy (AI Patent) 0.118*** 0.118*** 0.077*** 0.081*** 0.041*** 0.037*** 2.975*** 1.675***

(0.025) (0.025) (0.018) (0.018) (0.003) (0.003) (0.538) (0.481)

Controls Yes No Yes No Yes No Yes No

Firm FE Yes No Yes No Yes No Yes No

Year FE Yes No Yes No Yes No Yes No

Firm×Year FE No Yes No Yes No Yes No Yes

Observations 607,772 607,772 607,772 607,772 607,772 607,772 607,772 607,772
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Table A12: Robustness Checks: Controlling for Common Shock Effects

This table presents 2SLS robustness results, with Panel A controlling for the industry-level Producer Price Index
and Panel B controlling for industry-year fixed effects. For ease of presentation, the Producer Price Index is scaled
down by a factor of 1,000. The dependent variables include: Tech Similarity, Semantic Similarity, AI Closeness, AI Distance,
R&D/Total Assets, R&D/Sales, and Patent Value. Robot Exposure quantifies the degree of automation faced by each firm in a
given year, standardized to have a mean of zero and a standard deviation of one. Firm-level control variables include
firm size (measured by total assets), firm age, leverage ratio, return on assets, and the proportion of tangible assets.
The sample period spans 2004–2019. The regression data are at the firm-year level. All regressions incorporate firm-
fixed and year-fixed effects. Firm-level clustered standard errors are reported in parentheses. Coefficients marked
with *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Period t

(1) (2) (3) (4) (5) (6) (7)

Panel A: Controlling for Industry-level PPI

Model & Stage (a) IV: Second Stage

Variable Tech
Similarity

Semantic
Similarity

AI
Closeness

AI
Distance

R&D/Total
Assets

R&D/
Sales

Patent
Value

Robot Exposure -0.169 -0.428** 0.005** -0.615** 0.184** 0.447** -1.037**
(0.169) (0.218) (0.002) (0.312) (0.079) (0.200) (0.484)

PPI -0.886*** -0.395** -0.005*** -1.552*** -0.163*** 0.521** -0.242
(0.167) (0.194) (0.002) (0.305) (0.061) (0.213) (0.460)

Model & Stage (b) IV: First Stage

Variable Robot Exposure

Robot Exposure IV 0.003*** 0.003*** 0.003*** 0.003*** 0.003*** 0.003*** 0.003***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

PPI -0.376** -0.454** -0.376** -0.376** -0.376** -0.376** -0.376**
(0.164) (0.178) (0.164) (0.164) (0.164) (0.164) (0.164)

F Statistics 24.130 17.960 24.130 24.130 24.130 24.130 24.130
P-value (Underidentification) 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P-value (Endogeneity) 0.349 0.007 0.000 0.009 0.002 0.001 0.003

Controls Yes Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes
Observations 20,251 17,856 20,251 20,251 20,251 20,251 20,251

Panel B: Controlling for Industry-Year Fixed Effects

Model & Stage (a) IV: Second Stage

Variable Tech
Similarity

Semantic
Similarity

AI
Closeness

AI
Distance

R&D/Total
Assets

R&D/
Sales

Patent
Value

Robot Exposure -0.009 -0.421 0.007* -0.836 0.130 0.689* -0.576
(0.271) (0.312) (0.004) (0.571) (0.114) (0.405) (0.667)

Model & Stage (b) IV: First Stage

Variable Robot Exposure

Robot Exposure IV 0.002** 0.002** 0.002** 0.002** 0.002** 0.002** 0.002**
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

F Statistics 9.512 8.955 9.512 9.512 9.512 9.512 9.512
P-value (Underidentification) 0.024 0.022 0.024 0.024 0.024 0.024 0.024
P-value (Endogeneity) 0.964 0.061 0.000 0.028 0.179 0.001 0.294

Controls Yes Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes Yes
SIC2×Year FE Yes Yes Yes Yes Yes Yes Yes
Observations 20,803 18,220 20,803 20,803 20,803 20,803 20,803

79



Table A13: Robustness Checks: Pre-trend Tests

This table presents robustness check results examining whether there are any pre-existing trends in firms’ prior innovation activities. In
Panel A, we assess the effect of robot exposure during the 2004–2019 period on firms’ innovation shift and innovation productivity between
1988 and 2003. In Panel B, we directly control for changes in firms’ innovation activities between 1988 and 2003. The dependent variables
include: Tech Similarity, Semantic Similarity, AI Closeness, AI Distance, R&D/Total Assets, R&D/Sales, and Patent Value. Robot Exposure
quantifies the degree of automation faced by each firm in a given year, standardized to have a mean of zero and a standard deviation of
one. Firm-level control variables include firm size (measured by total assets), firm age, leverage ratio, return on assets, and the proportion
of tangible assets. The sample period spans from 2004 to 2019. The regression data for all panels are structured at the firm-year level.
All regressions incorporate firm-fixed and year-fixed effects. Firm-level clustered standard errors are reported in parentheses. Coefficients
marked with *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Model IV

Period t

(1) (2) (3) (4) (5) (6) (7)

Panel A: Pre-trend Tests

Stage Second Stage

Variable Period 1988–2003

Variable Tech
Similarity

Semantic
Similarity

AI
Closeness

AI
Distance

R&D/Total
Assets

R&D/
Sales

Patent
Value

Robot Exposure (2004–2019) -0.484 -0.380 -0.003 0.764 0.554 -0.088 0.967
(0.749) (1.795) (0.005) (0.915) (0.604) (0.251) (1.690)

Observations 10,878 3,298 10,878 10,878 10,878 10,878 10,878

Panel B: Controlling for the Change in the Dependent Variable

Stage (a) Second Stage

Variable Period 2004–2019

Variable Tech
Similarity

Semantic
Similarity

AI
Closeness

AI
Distance

R&D/Total
Assets

R&D/
Sales

Patent
Value

Robot Exposure (2004–2019) -0.298* -0.435** 0.004** -0.736** 0.181** 0.473** -0.996**
(0.179) (0.214) (0.002) (0.333) (0.079) (0.204) (0.475)

Change in Dep. Var. (1988–2003) -0.020** -0.015 0.006 -0.008 -0.003 0.002 -0.001
(0.010) (0.020) (0.061) (0.013) (0.013) (0.009) (0.015)

Observations 20,815 18,238 20,815 20,815 20,815 20,815 20,815

Stage (b) First Stage

Variable Period 2004–2019

Variable Robot Exposure

Robot Exposure IV (2004–2019) 0.003*** 0.003*** 0.003*** 0.003*** 0.003*** 0.003*** 0.003***
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Change in Dep. Var. (1988–2003) -0.008 0.001 2.677 -0.004 -0.046 -0.007 0.001
(0.011) (0.025) (3.005) (0.008) (0.035) (0.008) (0.006)

Observations 20,815 18,238 20,815 20,815 20,815 20,815 20,815
F Statistics 24.030 18.740 23.960 24.000 23.850 23.940 23.990
P-value (Underidentification) 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P-value (Endogeneity) 0.077 0.005 0.002 0.002 0.003 0.001 0.005

Controls Yes Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes
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Table A14: Robustness Checks: Alternative Instrumental Variables

This table presents second-stage results from 2SLS regressions as robustness checks, using alternative instrumental variables to evaluate the
impact of robot exposure on firms’ innovation. In Panel A, we replace the instrument with the average automation index of five European
countries plus Germany. Panel B uses the average automation index of nine European countries—Denmark, Finland, France, Germany,
Italy, Norway, Spain, Sweden, and the United Kingdom—as the instrument. In Panel C, we address potential time-related confounding by
regressing the original instrument on time-fixed effects and using the residuals as an alternative measure of robot exposure. The dependent
variables include: Tech Similarity, Semantic Similarity, AI Closeness, AI Distance, R&D/Total Assets, R&D/Sales, and Patent Value. Robot
Exposure quantifies the degree of automation faced by each firm in a given year, standardized to have a mean of zero and a standard deviation
of one. Firm-level control variables include firm size (measured by total assets), firm age, leverage ratio, return on assets, and the proportion
of tangible assets. The sample period spans 2004–2019. The regression data are at the firm-year level. All regressions incorporate firm-fixed
and year-fixed effects. Firm-level clustered standard errors are reported in parentheses. Coefficients marked with *, **, and *** indicate
significance at the 10%, 5%, and 1% levels, respectively.

Level Firm-Year

Period t

Model IV

Variable Tech
Similarity

Semantic
Similarity

AI
Closeness

AI
Distance

R&D/Total
Assets

R&D/
Sales

Patent
Value

(1) (2) (3) (4) (5) (6) (7)

Panel A: IV: 6 European Countries

Robot Exposure -0.300* -0.436** 0.004** -0.736** 0.181** 0.472** -0.997**
(0.180) (0.215) (0.002) (0.333) (0.078) (0.204) (0.475)

Observations 20,815 18,238 20,815 20,815 20,815 20,815 20,815
F Statistics 24.000 18.740 24.000 24.000 24.000 24.000 24.000
P-value (Underidentification) 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P-value (Endogeneity) 0.075 0.005 0.002 0.002 0.001 0.001 0.005

Panel B: IV: 9 European Countries

Robot Exposure -0.366* -0.517** 0.004* -0.704** 0.149* 0.473** -0.798*
(0.205) (0.261) (0.002) (0.359) (0.081) (0.221) (0.482)

Observations 20,815 18,238 20,815 20,815 20,815 20,815 20,815
F Statistics 20.310 15.390 20.310 20.310 20.310 20.310 20.310
P-value (Underidentification) 0.001 0.001 0.001 0.001 0.001 0.001 0.001
P-value (Endogeneity) 0.042 0.002 0.011 0.005 0.031 0.001 0.035

Panel C: IV: Adjusting for Time-Related Confounds

Robot Exposure -0.300* -0.436** 0.004** -0.736** 0.181** 0.472** -0.997**
(0.180) (0.215) (0.002) (0.333) (0.078) (0.204) (0.475)

Observations 20,815 18,238 20,815 20,815 20,815 20,815 20,815
F Statistics 24.000 18.740 24.000 24.000 24.000 24.000 24.000
P-value (Underidentification) 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P-value (Endogeneity) 0.075 0.005 0.002 0.001 0.003 0.001 0.004

Controls Yes Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes
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Table A15: Robustness Checks: Shift-share IV

This table presents second-stage results using the shift-share instrumental variable approach following Borusyak, Hull, and Jaravel (2022),
with coefficients estimated through equivalent industry-level regressions to obtain exposure-robust standard errors. Panel A reports falsi-
fication test results based on industry-level and firm-level characteristics to assess the exogeneity of the European robot adoption shock.
Panel A(a) includes industry-level control variables, including the share of high-tech equipment in total investment (High-tech/Invest), the
ratio of input to value added (Input/Value-added), the log of real wages (ln(Wage)), wage per worker (Wage/Worker), the log of employment
(ln(Worker)), and the ratio of workers to value added (Worker/Value-added). Panel A(b) incorporates firm-level control variables, including
standard firm characteristics and a dummy variable indicating whether the firm has adopted an enterprise system (ES). Panel A(c) focuses
on pre-trend variables measured over the period 1988–2003 to further validate the plausibility of the exclusion restriction. Panel B presents
robustness check results using the shift-share IV to examine the impact of robot exposure on firms’ innovation outcomes. The dependent
variables include: Tech Similarity, Semantic Similarity, AI Closeness, AI Distance, R&D/Total Assets, R&D/Sales, and Patent Value. Robot
Exposure measures the degree of automation faced by each firm in a given year, standardized to have a mean of zero and a standard deviation
of one. The sample period covers 2004–2019. Firm-level clustered standard errors are reported in parentheses. Coefficients marked with *,
**, and *** are significant at the 10%, 5%, and 1% levels, respectively.

Model IV

Period t

(1) (2) (3) (4) (5) (6) (7)

Panel A: Falsification Tests

(a) Industry-level Balance Tests

Variable High-tech/
Invest

Input/Value-
added

Ln(Wage) Wage/
Worker

Ln(Worker) Worker/Value-
added

Robot Exposure 1.125 10.244 -3.778 126.877 -6.400 -29.470
(1.026) (7.770) (6.987) (155.594) (8.060) (33.254)

No. of Industry-Periods 208 208 208 208 208 208

(b) Firm-level Balance Tests

Variable Ln(Assets) ROA Leverage Tangibility Ln(Age) ES

Robot Exposure -203.436 43.472 -23.099 7.516 -46.549 -24.738
(3,286.148) (698.427) (375.335) (120.555) (755.266) (402.401)

No. of Industry-Periods 208 208 208 208 208 208

(c) Firm-level Pre-trends Tests

Variable Period 1988-2003

Variable Tech
Similarity

Semantic
Similarity

AI
Closeness

AI
Distance

R&D/Total
Assets

R&D/
Sales

Patent
Value

Robot Exposure (2004-2019) 0.185 -0.245 -0.009 0.418 0.046 0.089 -0.225
(0.614) (1.011) (0.040) (1.608) (0.215) (0.374) (1.507)

Controls Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes
No. of Industry-Periods 60 60 60 60 60 60 60

Panel B: Shift-share IV Results

Variable Tech
Similarity

Semantic
Similarity

AI
Closeness

AI
Distance

R&D/Total
Assets

R&D/
Sales

Patent
Value

Robot Exposure -1.776 -1.166 0.049** 0.345 0.920* 0.090** -22.698
(2.783) (1.867) (0.021) (0.246) (0.490) (0.041) (35.917)

Controls Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes
No. of Industry-Periods 208 208 208 208 208 208 208
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Table A16: Robustness of Text-Based Robot Exposure Measures

This table reports robustness checks related to the measurement of robot exposure and additional controls. Panels A–E use alternative
measures of robot exposure, while Panel F adds a control for the readability of 10-K filings. In Panel A, we apply a two-stage regression
procedure to refine and reweight keywords, with the resulting measure denoted as Robot Exposure A. In Panel B, we regress robot exposure
on time-fixed effects and use the residuals from this regression as a cleaned measure, denoted as Robot Exposure B. In Panel C, we
regress robot exposure on industry-fixed effects and use the residuals from this regression as a within-industry cleaned measure, denoted as
Robot Exposure C. In Panel D, we construct a rolling weighted average of robot exposure from year t−4 to year t, applying weights of 0.2,
0.4, 0.6, 0.8, and 1, respectively. This measure is denoted as Robot Exposure D. In Panel E, we use the ratio of robots to employment as an
alternative proxy, denoted as Robot Exposure E. The dependent variables include: Tech Similarity, Semantic Similarity, AI Closeness, AI
Distance, R&D/Total Assets, R&D/Sales, Patent Value, and Patent Count. Robot Exposure quantifies the degree of automation faced by each
firm in a given year, standardized to have a mean of zero and a standard deviation of one. Columns (1)–(7) present second-stage results from
2SLS regressions, while Column (8) reports estimates from a Poisson regression. Firm-level control variables include firm size (measured
by total assets), firm age, leverage ratio, return on assets, and the proportion of tangible assets. The sample period spans 2004–2019. The
regression data are at the firm-year level. All regressions incorporate firm-fixed and year-fixed effects. Firm-level clustered standard errors
are reported in parentheses. Coefficients marked with *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Level Firm-Year

Period t

Model IV Poisson

Variable Tech
Similarity

Semantic
Similarity

AI
Closeness

AI
Distance

R&D/Total
Assets

R&D/
Sales

Patent
Value

Patent
Count

(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: Robot Exposure: Refining and Reweighting Keywords

Robot Exposure A -0.697* -0.835** 0.010** -1.709** 0.421** 1.096** -2.314** -0.005
(0.422) (0.378) (0.004) (0.744) (0.189) (0.448) (1.063) (0.017)

Observations 20,815 18,238 20,815 20,815 20,815 20,815 20,815 16,468
F Statistics 14.130 13.730 14.130 14.130 14.130 14.130 14.130
P-value (Underidentification) 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P-value (Endogeneity) 0.057 0.004 0.001 0.002 0.002 0.000 0.005

Panel B: Robot Exposure: Adjusting for Time-Related Confounds

Robot Exposure B -0.198* -0.287** 0.003** -0.485** 0.119** 0.311** -0.656** -0.056**
(0.118) (0.141) (0.001) (0.219) (0.052) (0.134) (0.313) (0.023)

Observations 20,815 18,238 20,815 20,815 20,815 20,815 20,815 16,468
F Statistics 24.000 18.740 24.000 24.000 24.000 24.000 24.000
P-value (Underidentification) 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P-value (Endogeneity) 0.075 0.005 0.002 0.001 0.003 0.000 0.004

Panel C: Robot Exposure: Adjusting for Industry-Related Confounds

Robot Exposure C -0.300* -0.436** 0.004** -0.736** 0.181** 0.472** -0.997** -0.084**
(0.180) (0.215) (0.002) (0.333) (0.078) (0.204) (0.475) (0.034)

Observations 20,815 18,238 20,815 20,815 20,815 20,815 20,815 16,468
F Statistics 24.000 18.740 24.000 24.000 24.000 24.000 24.000
P-value (Underidentification) 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P-value (Endogeneity) 0.075 0.005 0.002 0.001 0.003 0.000 0.004

Panel D: Robot Exposure: Five-Year Rolling Weighted Average

Robot Exposure D -0.148* -0.248** 0.002** -0.363** 0.089** 0.233*** -0.492** -0.040
(0.081) (0.109) (0.001) (0.148) (0.035) (0.089) (0.216) (0.033)

Observations 20,815 18,238 20,815 20,815 20,815 20,815 20,815 16,468
F Statistics 67.290 39.720 67.290 67.290 67.290 67.290 67.290
P-value (Underidentification) 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P-value (Endogeneity) 0.093 0.006 0.002 0.001 0.003 0.000 0.003
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(Continued)

Level Firm-Year

Period t

Model IV Poisson

Variable Tech
Similarity

Semantic
Similarity

AI
Closeness

AI
Distance

R&D/Total
Assets

R&D/
Sales

Patent
Value

Patent
Count

(1) (2) (3) (4) (5) (6) (7) (8)

Panel E: Robot Exposure: The Ratio of Robots to Employment

Robot Exposure E -0.018* -0.027*** 0.000*** -0.043*** 0.011*** 0.028*** -0.059*** 0.015
(0.010) (0.010) (0.000) (0.015) (0.004) (0.009) (0.023) (0.049)

Observations 20,815 18,238 20,815 20,815 20,815 20,815 20,815 16,468
F Statistics 105.900 105.900 105.900 80.180 105.900 105.900 105.900
P-value (Underidentification) 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P-value (Endogeneity) 0.738 0.199 0.107 0.000 0.107 0.000 0.010

Panel F: Controlling for Readability of 10-K Filings

Robot Exposure -0.300* -0.435** 0.004** -0.742** 0.181** 0.472** -0.985** -0.085**
(0.179) (0.214) (0.002) (0.332) (0.078) (0.203) (0.471) (0.035)

Readability -0.133 0.519 0.007 0.963 0.247 -1.221 0.126 -1.476
(0.987) (0.942) (0.011) (1.923) (0.376) (1.119) (2.680) (6.816)

Observations 20,750 18,174 20,750 20,750 20,750 20,750 20,750 16,408
F Statistics 24.32 18.97 24.32 24.32 24.32 24.32 24.32
P-value (Underidentification) 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P-value (Endogeneity) 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes
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Table A17: Robustness Checks: The Impact of the Alice Supreme Court Decision on AI Patent Applications

This table presents robustness checks examining the impact of the U.S. Supreme Court’s Alice decision on AI-related
patent applications. Panel A investigates how the Alice ruling affects AI patent filings using two outcome variables.
The first, Dummy(Grant), is a binary variable equal to 1 if a patent is ultimately granted, and 0 otherwise. The second,
Ln(Grant Lag), is the natural logarithm of the number of days between patent application and approval, plus one. We
include the interaction term Dummy(AI Patent)×Dummy(A f ter 2014) to capture differential changes in patent out-
comes between AI and non-AI patents before and after the Alice decision (i.e., post-2014). Here, Dummy(AI Patent)
equals 1 for AI patents and 0 otherwise, and Dummy(A f ter 2014) equals 1 for patents filed in 2014 or later, and 0
otherwise. Columns (1)–(3) report OLS estimates, while Column (4) presents Poisson regression results. Panel B
includes Dummy(AI Patent & A f ter 2014) as a control variable, which equals 1 for AI patents filed in 2014 or later,
and 0 otherwise, and reports the second-stage results from 2SLS regressions. All regressions include firm-fixed and
year-fixed effects, and control for firm-level characteristics: firm size (total assets), firm age, leverage ratio, return
on assets, and the proportion of tangible assets. The sample covers the period from 2004 to 2019, and the unit of
observation is the patent-firm-year. Firm-level clustered standard errors are reported in parentheses. Coefficients
marked with *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.

Level Patent-Firm-Year

Period t

(1) (2) (3) (4)

Panel A: The Effects of Alice on AI Patent Approvals

Model OLS Poisson

Variable Dummy(Grant) Ln(Grant Lag) Grant Lag

Dummy (AI Patent) × Dummy (After 2014) -0.099 -0.032 0.018** 0.038*
(0.000) (0.000) (0.009) (0.023)

Dummy (AI Patent) 0.076 0.050 0.027*** 0.024
(0.000) (0.000) (0.007) (0.023)

Dummy (After 2014) 0.084
(0.000)

Controls Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes
Year FE No Yes Yes Yes
Observations 3,340,083 3,216,325 659,190 659,185

Panel B: Controlling for the Impact of Alice Decision

Model IV

Variable AI Closeness AI Distance Generality Originality

Robot Exposure 0.082*** -1.027*** 0.042*** 0.041***
(0.003) (0.123) (0.005) (0.004)

Dummy (AI Patent & After 2014) 0.690*** -4.941*** 0.002 0.002
(0.004) (0.076) (0.006) (0.005)

Controls Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Observations 607,772 607,772 365,009 607,772
F Statistics 14.540 14.540 17.290 15.010
P-value (Underidentification) 0.000 0.000 0.000 0.000
P-value (Endogeneity) 0.000 0.000 0.000 0.000
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Table A18: Robustness Checks: Alternative Approaches to Sample Construction

This table reports robustness checks using alternative sample construction approaches. Specifically, Panel A drops
firms in the Internet industry, Panel B drops firms that have implemented enterprise systems, Panel C drops firms
whose overseas sales exceed 50% of total sales, and Panel D drops the top 1% of firms with the highest robot exposure
within each industry-year. The dependent variables include: Tech Similarity, Semantic Similarity, AI Closeness, AI
Distance, R&D/Total Assets, R&D/Sales, Patent Value, and Patent Count. Robot Exposure quantifies the degree
of automation faced by each firm in a given year, standardized to have a mean of zero and a standard deviation of
one. Columns (1)–(7) present second-stage results from 2SLS regressions, while Column (8) reports estimates from a
Poisson regression. All regressions include firm-fixed and year-fixed effects, and control for firm-level characteristics:
firm size (total assets), firm age, leverage ratio, return on assets, and the proportion of tangible assets. The sample
covers the period from 2004 to 2019. The unit of observation is the firm-year. Firm-level clustered standard errors
are reported in parentheses. Coefficients marked with *, **, and *** are statistically significant at the 10%, 5%, and
1% levels, respectively.

Level Firm-Year

Period t

Model IV Poisson

Variable Tech
Similarity

Semantic
Similarity

AI
Closeness

AI
Distance

R&D/Total
Assets

R&D/
Sales

Patent
Value

Patent
Count

(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: Drop Firms in the IT Industry

Robot Exposure -0.295 -0.425* 0.004** -0.653** 0.189** 0.501** -0.997** -0.083**
(0.184) (0.220) (0.002) (0.326) (0.082) (0.215) (0.490) (0.039)

Observations 19,290 16,833 19,290 19,290 19,290 19,290 19,290 15,865
F Statistics 21.950 16.810 21.950 21.950 21.950 21.950 21.950
P-value (Underidentification) 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P-value (Endogeneity) 0.090 0.008 0.002 0.007 0.003 0.000 0.006

Panel B: Drop Firms with ES Systems

Robot Exposure -0.298 -0.501* 0.001 -1.004** 0.189** 0.555** -1.093* -0.095***
(0.216) (0.281) (0.001) (0.464) (0.094) (0.267) (0.571) (0.035)

Observations 18,654 16,228 18,654 18,654 18,654 18,654 18,654 15,354
F Statistics 18.050 13.420 18.050 18.050 18.050 18.050 18.050
P-value (Underidentification) 0.002 0.006 0.002 0.002 0.002 0.002 0.002
P-value (Endogeneity) 0.137 0.008 0.002 0.000 0.010 0.001 0.006

Panel C: Drop Firms with Overseas Sales > 50%

Robot Exposure -0.300* -0.436** 0.004** -0.736** 0.181** 0.472** -0.997** -0.083**
(0.180) (0.215) (0.002) (0.333) (0.078) (0.204) (0.475) (0.039)

Observations 20,815 18,238 20,815 20,815 20,815 20,815 20,815 18,654
F Statistics 24.000 24.000 24.000 24.000 24.000 24.000 24.000
P-value (Underidentification) 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P-value (Endogeneity) 0.076 0.005 0.002 0.002 0.003 0.001 0.005

Panel D: Drop Firms with Top 1% Robot Exposure within each Industry-year

Robot Exposure -0.298 -0.434** 0.004** -0.747** 0.185** 0.480** -1.015** -0.085**
(0.183) (0.219) (0.002) (0.341) (0.080) (0.209) (0.486) (0.034)

Observations 20,805 18,228 20,805 20,805 20,805 20,805 20,805 16,468
F Statistics 23.250 18.050 23.250 23.250 23.250 23.250 23.250
P-value (Underidentification) 0.000 0.000 0.000 0.000 0.000 0.000 0.000
P-value (Endogeneity) 0.082 0.006 0.002 0.002 0.003 0.001 0.005

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes
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Appendix C: Derivations and Proofs

The first order condition for the instantaneous profit implies that

qβ

M( f )k−β

M (s | f ) =
1

χM
∀s ∈ [0,θ f ] (28)

qβ

L ( f )k−β

L (s | f ) =
w

q̄χL
∀s ∈ [θ f ,1] (29)

Thus, the demand for

kM(s | f ) = qM( f )χ1/β

M , kL(s | f ) = qL( f )
(

q̄χL

w

)1/β

,

and the demand for labor is

l(s | f ) =
qL( f )
χLq̄

·
(

q̄χL

w

)1/β

Market clear for labor implies

w = q̄Lχ
1−β

L . (30)

Therefore, firm f ’s profit conditional on the technology qM( f ) and qL( f ) takes the form of

Π f = αMθ f qn( f )+αL(1−θ f )qL( f ), (31)

where

αM =
β

1−β
χ

1−β

β

M and αL =
β

1−β
χ

1−β

L .

To determine equilibrium wage, we note that there is one unit of labor

1 ≡
∫ 1

0

[∫ 1

θ f

l(s | f )ds
]

d f =
∫ 1

0

qL( f )
χLq̄

(1−θ f )

(
q̄LχL

w

)1/β

d f (32)

The profit function

Π f =
β

1−β
θ f χ

1−β

β

M qM( f )+
β

1−β
(1−θ f )

(
q̄LχL

w

1−β

β

)
qL( f )

=
β

1−β
χ

1−β

β

M θ f qM( f )+
β

1−β
χ

1−β

L (1−θ f ) ·qL( f )

= αMθ f qM( f )+αL (1−θ f )qL( f )

(33)

with

αM =
β

1−β
χ

1−β

β

M , αL =
β

1−β
χ

1−β

L .

Here, we have a setup with
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Π f = αMθ f qM( f )+αL(1−θ f )qL( f ) (34)

We obtain the solution

γAMqM = max
zM

{
αMθ f qM −CM (zM)qM + zMAMλMqM

}
⇒

γAM = max
zM

{
αMθ f −CM (zM)+ zMAMλM

} (35)

Similarly,

γAL = max
zL

{
αL (1−θ f )−CL (zL)+ zLALλL

}
(36)

The first-order conditions (F.O.C.) are: C′
M (z∗M) = AMλM,

C′
L (z

∗
L) = λLAL.

(37)

AM,AL are determined.
Now, consider a firm’s robot exposure. For a firm f , robot exposure is defined as:

Robot exposure f =
∫ θ f

0 kM(s | f )ds∫ 1
θ f

kL(s | f )ds
=

χ
1/β

M
χL

qM( f )
qL( f )

θ f

1−θ f
(38)

We examine how automation degree θ f affects innovation strategy

∂ z∗M
∂θ f

∂ z∗L
∂θ f

(39)

Using the envelope theorem:

γ · ∂AM

∂θ f
= αM,

γ · ∂AL

∂θ f
=−αL,

∂ z∗M
∂θ f

=
λM

C′′
M (zM)

· ∂AM

∂θ f
=

λM

C′′
M (zM)

· αM

γ
> 0.

(40)

λM,αM,C′′
M (zM) represent heterogeneity analysis.

We also have:

αM =
β

1−β
·χ

1−β

β

M , αL =
β

1−β
χ

1−β

L

and C′′(zM) measures the cost increase.
Finally,

∂ z∗L
∂θ f

=
λL

C′′
L (zL)

· ∂AL

∂θ f
=− λL

C′′
L (zL)

· αL

γ
< 0. (41)

88


	Introduction
	Data, Variables, and Empirical Strategy
	Data Description
	Automation and Robots
	Identification Strategy and Instrumental Variable

	Robot Exposure and Innovation Shift
	General Innovation Shift
	AI-Oriented Innovation Shift
	AI Closeness and Distance
	Mechanism: Rising Data Generation

	Aggregate Innovation
	Innovation Outputs
	Innovation Inputs
	Mechanism: Generality and Originality of Innovation
	Mechanism: Standing on Jones' Shoulders
	Mechanism: The Relative Cost of AI-Driven Innovation

	Robustness Checks
	Assessing the Validity of IV Estimates
	Common shocks and pre-trend tests
	Alternative IV constructions
	Construction of the shift-share IV

	Robustness of Text-Based Robot Exposure Measures
	Alternative measures of robot exposure
	Controlling for 10-K text readability

	Effects of the Supreme Court’s Alice Decision
	Alternative Approaches to Sample Constructions

	A Simple Equilibrium Model of Innovation Shift
	Innovation
	R&D Decision
	Automation and Innovation Shift

	Conclusion
	Appendix C

