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Abstract

We examine the macroeconomic effects of artificial intelligence (AI) innovations
in the United Kingdom over the period 1982–2022. Using supervised machine learn-
ing to classify around 550,000 patent documents, we construct a novel quarterly
measure of AI innovation and employ an instrumental-variable approach to identify
exogenous AI news shocks. Embedding this measure in a Bayesian VAR, we show
that positive AI news shocks generate persistent increases in output, investment,
wages, and hours worked, along with a fall in the unemployment rate. Unlike the
S-shaped responses of TFP typically associated with the gradual diffusion of tradi-
tional technologies, we find that TFP rises on impact, reflecting the rapid spread of
software- and data-driven AI technologies, and remains elevated. The accompany-
ing rise in wages and fall in unemployment suggests that the productivity-enhancing
effects of AI outweigh its potential displacement effects.
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1 Introduction

Artificial Intelligence (AI) is advancing at a remarkable pace, with breakthroughs in ma-

chine learning (ML) and large language models (LLMs) fueling expectations of a new

era of economic progress. These developments have sparked debate among economists

and policymakers: will AI serve as the steam engine of our time, driving growth and

productivity, or will it instead reinforce the longstanding Solow paradox, that new tech-

nologies are visible everywhere but in the productivity statistics (Brynjolfsson et al., 2017;

Syverson, 2017)?

At the same time, concerns persist that AI could put large segments of the workforce

at risk of displacement. Theoretical work highlights three forces through which adoption

shapes productivity and employment (Acemoglu and Restrepo, 2018a; Acemoglu et al.,

2022a; Acemoglu, 2025). The displacement effect captures automation of existing tasks

and jobs. The productivity effect increases labour demand in both AI and non-AI sectors

while raising capital productivity. Finally, the reinstatement effect reflects the emergence

of new tasks and activities. The productivity and reinstatement effects that generate em-

ployment, acts as a countervailing force against the displacement effect, which leads to job

losses, and which of these forces ultimately prevails remains an empirical question.1 Em-

pirical research on AI’s impact remains at an early stage, constrained by the still-limited

deployment of many AI technologies and by data scarcity. As a result, most studies

have focused on partial equilibrium effects, typically using measures of job exposure to

potential AI adoption.2,3

This paper provides a first attempt to assess AI’s impact at the macroeconomic level

1Acemoglu and Restrepo (2018a) stress that it is primarily the reinstatement effect, through task
creation, that offsets automation’s labour-reducing impact and sustains employment growth.

2Brynjolfsson et al. (2025) find that generative-AI tools boost call-center productivity, particularly
for lower-skilled workers. Acemoglu et al. (2022b), using establishment-level job vacancy data, document
rapid growth in AI-related postings, accompanied by reductions in hiring for non-AI positions. Bonfiglioli
et al. (2025) show that AI exposure reduces employment in U.S. commuting zones for low-skill and
production workers, while benefiting high-wage and STEM occupations. Babina et al. (2024) measure
firm-level AI investments using employee resumes and find that AI adoption drives growth in sales,
employment, and market value, primarily through product innovation.

3Evidence on the macroeconomic impact of AI diffusion is also scarce. One relevant contribution is
Aldasoro et al. (2024), who find that AI adoption increases long-run output in a U.S. multi-sector DSGE
model.
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by integrating a novel measure of AI innovations into the framework of technology news

shocks and expectation-driven business cycles.4 The rationale is that technology news

shocks reflect newly disclosed information about future productivity growth that can

drive economic fluctuations (Beaudry and Portier, 2006a, 2014). While the role of such

shocks is well established in the technology news shocks literature (Jaimovich and Re-

belo, 2009; Barsky and Sims, 2011; Baron and Schmidt, 2014), we lack evidence on how

the economy responds to AI-specific shocks. Such shocks are particularly relevant, as

many AI breakthroughs remain in early adoption but often diffuse faster than traditional

IT technologies (Bick et al., 2024; Dahlke et al., 2024) and carry the potential to shape

multiple aspects of the economy, including productivity, economic growth, inflation, in-

vestment, and the stock markets (Aldasoro et al., 2024; Filippucci et al., 2024). In our

context, we define public information about new AI discoveries as AI news, which con-

veys information about expected progress in the field, and the unexpected element of this

news as AI news shocks.

We aim to empirically answer the following question: how does the UK economy

respond to AI news shocks? The UK provides a compelling test case, given its pro-

longed productivity slowdown alongside major efforts to position itself as an AI forerun-

ner (Williams et al., 2025).5 To this aim, we construct a novel measure of AI innovations,

based on patent text data for the UK, over the past four decades. The intuition is that

AI-related patent applications inherently convey information about potential future tech-

nological developments in the field. This empirical framework requires overcoming two

major challenges: first, the measurement of AI-specific innovation; and second, poten-

tial endogeneity, since patenting activity may be influenced by current business cycle

conditions.

To tackle the first challenge, we apply supervised machine learning techniques, specif-

ically a Näıve Bayes classifier trained on a manually classified sample of patent texts. This

4This perspective also allows us to overcome practical limitations about low availability of data on
deployment of AI.

5For example, the government has pledged over £1 billion through the AI Sector Deal and the
National AI Strategy. More recently, it allocated £7 million from the UKRI Technology Missions Fund,
via the Innovate UK BridgeAI programme, to support R&D in key AI areas.
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allows us to identify AI-related patents and construct a quarterly time series that serves

as our proxy for innovative activity in AI.6 Our approach leverages two complementary

sources of patent data: the European Patent Office (EPO) Full Text Database for the

United Kingdom and the EPO PATSTAT database. By merging these two sources, we

construct a unique dataset comprising around 550,000 patent documents filed in the UK

since 1982, with very broad coverage across all major text fields and classification codes.

A novel feature of our approach is that the EPO Full Text Database for the UK enables

us to classify patents as AI or non-AI, providing access to claims and descriptions. This is

important for capturing the technological content of each patent more comprehensively;

descriptions provide a very detailed account of the invention and its technical novelty,

while claims, written in precise legal language and with greater linguistic and syntac-

tic complexity, more accurately reflect the underlying technology (Qiu and Wang, 2023;

Bekkers et al., 2011; Tong and Frame, 1994; Berger et al., 2012). Taken together, de-

scriptions and claims offer rich textual input for our analysis over and above the limited

breadth of titles and abstracts, which are most commonly used in the literature. In line

with recent best practices in textual analysis (Kumar and Sharma, 2022), both our man-

ual classification and the model’s predictions are assessed and confirmed by an external

domain expert in AI.

The second challenge concerns the endogeneity of patent applications, specifically,

the possibility that the decision to file a patent may be influenced by expectations about

the UK macroeconomic outlook. To mitigate this concern, we construct an instrumental

variable (IV) that isolates the component of patent filings orthogonal to prior macroe-

conomic expectations, as reflected in the Bank of England’s (BoE) forecasts, and other

potential confounding factors. This approach makes it more likely that our IV corre-

lates exclusively with contemporaneous AI news shocks, which is essential for correct

6Note that not all AI innovations are patented. Some firms rely on trade secrets to protect intel-
lectual property, particularly when disclosure through patents could undermine competitive advantage
(Bhattacharya and Guriev, 2006). By definition, however, trade secrets are not publicly disclosed and
thus fall outside the scope of our analysis. Since the concept of news shocks in macroeconomics is based
on publicly available information, patent filings, especially in research-intensive fields such as AI, are well
suited for capturing the relevant signals of inventive activity. For our purposes, this is sufficient, as the
objective is to identify aggregate innovation shocks at the macroeconomic level rather than to provide a
full account of all AI innovations.

4



identification. Similar IV strategies have been used in the technology news literature

(Miranda-Agrippino, 2023), but our focus is on AI-specific patent activity.

Equipped with a plausibly exogenous instrument, we embed it into a rich-information

Bayesian Vector Autoregression (BVAR) model to recover an AI patent-based news shock

(AIPNS) series that captures news raising expectations about future progress in AI tech-

nology. The BVAR includes a comprehensive set of macroeconomic, labor market, and

forward-looking variables allowing us to capture the dynamic effects of the shock. The

selection of the variables is informed by the literature on the macroeconomic impact of

technological news shocks (Baron and Schmidt, 2014; Bluwstein et al., 2020) and includes

total factor productivity (TFP), GDP, inflation, the unemployment rate, investment, real

wages, hours worked, and an aggregate stock market index. Our results are presented in

the form of impulse response functions (IRFs).

Our first result highlights the distinctive nature of AI as a productivity-enhancing

technology with rapid deployment potential. The response of TFP rises immediately

following the AI news shock, peaking at around 0.15% before gradually converging to a

new long-term equilibrium. This immediate jump contrasts with the delayed, S-shaped

diffusion pattern typically documented for broad technological news shocks (Barsky et al.,

2015; Kurmann and Sims, 2021; Miranda-Agrippino, 2023). The difference reflects the na-

ture of AI patents, which are concentrated in software, programming, and data-processing

innovations that can be deployed more quickly than non-AI, broader IT technologies (Bick

et al., 2024). Consistent with this hypothesis and the broader technology news shocks lit-

erature, when we construct the same indicator for non-AI patents, the response of TFP is

initially flat and only builds gradually over several quarters. This contrast indicates that

AI represents not merely another wave of technological progress, but one characterized

by rapid transmission to productivity.7

Second, in addition to TFP, AI news shocks trigger a broad-based and persistent

macroeconomic expansion, as evidenced by increases in output, investment, and con-

sumption. This expansion operates primarily through the labor market, which emerges

7In this context, rapid refers to effects observed within three months following the shock, given that
our data are at quarterly frequency.
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as the central channel of aggregate transmission. Specifically, positive AI news shocks

are employment-enhancing, as they reduce the unemployment rate while increasing wages

and hours worked. These findings speak to theoretical debate on how AI affects labor

markets and the broader economy (Acemoglu and Restrepo, 2018a; Acemoglu et al.,

2022a; Acemoglu, 2025). In particular, our results point, albeit indirectly, to the im-

portance of the reinstatement channel over and above the productivity channel. If the

creation of new tasks were not significant, the unemployment response would have been

flat (or positive), implying that the displacement channel dominates or merely counter-

balances productivity gains. Instead, the observed strong decline in the unemployment

rate, coupled with rising labor input as reflected in higher wages and hours worked,

is consistent with the role of the reinstatement channel. This interpretation aligns with

Acemoglu and Restrepo (2018a) who argue that, while productivity gains from AI can in-

crease labor demand, these effects alone are generally insufficient to offset displacement.

It is the emergence of new tasks, reshaping labor composition and creating additional

employment opportunities, that directly counterbalances displacement, generating net

employment gains.

Third, variance decompositions indicate that AI news shocks account for a non-

negligible share of macroeconomic and labor market fluctuations, highlighting their role

in shaping business-cycle dynamics even before widespread adoption. Our main results

remain robust when using a complementary identification strategy that does not rely

on an IV. In this approach, the AI news shock is identified as the innovation that best

explains future unpredictable movements in our patent-based AI innovation measure,

which serves as an alternative proxy for expected technological progress in AI.

We ensure that our results are not confounded by other policy or technological forces

through a series of robustness checks. Specifically, we augment the first-stage regression

with alternative controls, including fiscal and monetary policy shocks, broader trends in

non-AI technological innovation, and public R&D spending factors that may influence

firms’ patenting behavior. Across all these specifications, our main findings remain ro-

bust. Another potential issue is whether our IV could be affected by weighting patents
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differently, since raw patent patent counts may misrepresent the scientific significance of

AI innovations (Kelly et al., 2021; Verendel, 2023). To address this, we weight patents

by their forward citations using PATSTAT, which are widely used as a proxy for the

scientific significance of an invention (Criscuolo and Verspagen, 2008).

In addition to the aggregate analysis, we examine sectoral heterogeneity in the prop-

agation of AI news shocks. Using concordance tables from PATSTAT and Dorner and

Harhoff (2018), we allocate patents to their industries of origin and construct AI inno-

vation measures across sub-sectors of manufacturing and services. We find that AI news

shocks propagate unevenly across sectors. In services, AI news shocks account for a

slightly larger share of fluctuations in aggregate TFP (around 8%) compared with manu-

facturing, reflecting the intangible, software-driven nature of patents in this sector which

can be more readily integrated into existing processes, amplifying their productivity-

enhancing effects. In contrast, AI news shocks in manufacturing, especially in comput-

ers, communication equipment, and precision instruments, play a more prominent role in

driving GDP, investment, and wages, with some sub-industries accounting for up to 22

percent of output variation over a 24-quarter horizon.

In our baseline analysis, we estimate IRFs using a VAR approach. Recent studies,

such as Jordà et al. (2024), show that lag truncation in VAR models can bias medium-

and long-term IRFs, whereas local projections (LPs) are less susceptible to this issue.

In our setting, the risk of lag truncation bias is limited, since we include a relatively

large number of lags in the VAR. Nevertheless, we also use LPs to estimate IRFs to AI

news shocks, providing a complementary perspective. While LP estimates exhibit wider

confidence bands, their qualitative patterns and magnitudes are largely consistent with

the VAR results.

Our paper contributes to several strands of the literature. We construct a quarterly

measure of AI patents in the UK using machine learning techniques that can be readily

integrated into time series models. This aligns the UK evidence with recent US studies

that rely on textual analysis to classify AI-related innovations (Giczy et al., 2022). Prior

work on Europe and the UK has mainly used International Patent Classification (IPC)
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codes or keyword searches (Buarque et al., 2020; Xiao et al., 2023) approaches that cannot

fully capture the fast-evolving and heterogeneous terminology of AI (Baruffaldi et al.,

2020; Miric et al., 2023). By contrast, our method applies a broader and more flexible

definition of AI, identifying technologies such as neural networks, machine learning, and

speech recognition that are often missed by query-based approaches. Importantly, our

dataset incorporates both patent descriptions and claims, providing a richer training

sample and enabling a more precise classification of AI versus non-AI patents.

Our paper also speaks to the literature that uses patent data to account for expec-

tations of future technological developments. In contrast to our approach, these studies

typically employ small-scale VARs, often including no more than two or three variables,

with standard Cholesky identification. Such specifications pair a patent-related variable

with a measure of productivity, allowing authors to isolate the effects of technology shocks

(Shea, 1999; Christiansen, 2008).8

Cascaldi-Garcia and Vukotić (2022) and Miranda-Agrippino (2023) are more recent

and closely related contributions that exploit richer data in medium-scale Bayesian VARs

at a quarterly frequency. The authors construct patent-based technology news shocks

and trace their effects on output, prices, labor, and financial markets.9 We build on

this strand but depart in several important ways. First, our analysis provides the first

evidence on the macroeconomic impact of technological news shocks for the UK using a

rich quarterly dataset that complements prior studies focused only on the US.10 Second,

rather than focusing on general technology patents, we use supervised machine learning

to isolate AI-specific patents from the broader technological pool. This enables us to

8Shea (1999) use annual patent applications and R&D expenditures to assess the impact of technology
shocks on industry aggregates, identifying shocks by placing each measure last in the VAR. Similarly,
Christiansen (2008) employs patent application data in a bivariate VAR, ordering the patent variable first.
Alexopoulos (2011) takes a different approach, using the number of technology-related book publications
to capture the timing of commercialization, with responses estimated in bivariate VARs where the
publication index is placed last.

9The main differences between these studies are as follows. First, Cascaldi-Garcia and Vukotić (2022)
identify technology news shocks using a measure proposed by Kogan et al. (2017), which combines micro-
level patent data with stock market valuations, whereas Miranda-Agrippino (2023) construct an IV for
technology news shocks as the component of patent applications orthogonal to expectations based on
prior patent activity. Second, the former study relies on granted patents from the USPTO, while the
latter uses all patent applications, capturing news content earlier in the innovation process.

10This contribution owes to the construction of our quarterly AI patent-based measure, whereas
existing UK patent data are aggregated annually and cannot be used for time-series analysis
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estimate the productivity and macroeconomic effects of a rapidly diffusing technology

that is expected to bring unprecedented shifts in the economy compared to traditional

innovations typically aggregated into broad technology news shocks (Frey and Osborne,

2017; Bick et al., 2024; Acemoglu and Restrepo, 2018b). Third, we adjust the IV ap-

proach of Miranda-Agrippino (2023) to the context of AI innovations, constructing an

instrument that purges endogenous fluctuations in AI patenting activity driven by expec-

tations regarding macroeconomic conditions, monetary and fiscal policies, broader trends

in non-AI technological innovations, and public R&D spending.

Our work also connects to the broader literature on identifying technology news

shocks in VARs that abstract from patent-based measures. Studies such as Uhlig (2005),

Beaudry and Portier (2006b, 2014), Beaudry and Lucke (2010), and Forni et al. (2014)

typically identify news shocks as innovations orthogonal to contemporaneous TFP move-

ments, supplemented by additional long-run assumptions about the determinants of pro-

ductivity. Other contributions depart from this strategy and instead define news shocks

as those that maximize the forecast error variance of productivity at one or multiple

horizons (Neville Francis and DiCecio, 2014; Barsky and Sims, 2011; Kurmann and Sims,

2021).

The remainder of the paper is structured as follows. In Section 2, we detail the con-

struction of our patent-based AI innovation measure. We also describe our identification

strategy for AI news shocks. Section 3 presents our main results, derived from a Bayesian

VAR framework, and analyzes the dynamic responses of TFP, macroeconomic, and labour

market outcomes to AI news shocks. In Section 4, we validate our findings through a

series of robustness checks and alternative IV proxies. Section 5 provides industry-level

evidence of the impact of AI news shocks. Finally, Section 6 concludes the paper.

2 Data and methodology

This section describes the patent data and sets out the methodological steps used to con-

struct the series of AI-related patents and, subsequently, the AI patent-based instrument.
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2.1 AI Innovations in the UK

We detect AI innovations via patent texts, which combine detailed technical descriptions,

legal claims, and structured metadata, enabling consistent tracking of technological de-

velopments across sectors, jurisdictions, and over time. For this reason, patent texts are

among the most widely used proxies for technological innovation (e.g., Acs and Varga,

1994; Kelly et al., 2021). Although not all innovations are patented, patent filings, es-

pecially in research-intensive fields such as AI, capture early signals of inventive activity

and provide a rich foundation for long-run analysis (Buesa et al., 2010; Cockburn et al.,

2018; Xiao et al., 2023).

To our knowledge, no existing study systematically identifies AI innovations in UK

patent documents using machine-learning methods. The UK Intellectual Property Office

(UKIPO) has published reports on AI patents (e.g., UKIPO 2019, 2021), but these are

annual and cover only a limited time period, which makes them unsuitable for time-

series analysis.11 Importantly, in these reports, AI patent identification is based on query

methods, which carry important caveats.12

2.1.1 Patent Data

We merge two datasets containing all patent filings registered in the UK since 1982. The

first is the PATSTAT database maintained by the EPO, which includes over 100 million

patents registered in about 100 patent offices worldwide, going back to the nineteenth cen-

tury.13 PATSTAT provides granular information on each patent, including bibliographic

details such as the title, abstracts, inventor addresses, dates, citations, and International

Patent Classification (IPC) codes.14 This dataset has been widely used in research on

11See UKIPO (2019) Artificial Intelligence: A worldwide overview of AI patents
and patenting by the UK AI sector, and UKIPO (2021) AI patents, the UK land-
scape and emerging trends, available at: https://www.gov.uk/government/publications/

artificial-intelligence-a-worldwide-overview-of-ai-patents and https://www.gov.uk/

government/publications/ai-patents-the-uk-landscape-and-emerging-trends.
12The literature highlights that query methods face significant limitations in keeping pace with the

rapidly evolving and heterogeneous terminology associated with AI technologies (Baruffaldi et al., 2020;
Miric et al., 2023).

13For more information on the dataset, see https://www.epo.org/searching-for-patents/

business/patstat.
14IPC codes follow a hierarchical classification system with six digits, each providing progressively

finer details about the technology described in a patent. In the IPC system, the first letter denotes
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the economics of innovation (e.g., Bloom et al., 2020; Aghion et al., 2023; Straccamore

et al., 2023; Gross and Sampat, 2023).

Despite its widespread use, PATSTAT lacks several key components essential for

tracking technological developments, most notably, the full-text descriptions and claims.

Claims represent the legally binding part of a patent, as they define the precise scope

of the intellectual property rights granted (Abood and Feltenberger, 2018; Baruffaldi

et al., 2020). Additionally, abstracts in PATSTAT are often missing for older filings,

particularly those from the 1980s and early 1990s. To address these limitations, we

complement PATSTAT with the EPO Full Text Database for the UK, which provides

rich textual information, including both the description and claims sections. Merging

these sources enables more accurate classification of AI-related innovations, particularly

for earlier periods of our sample. This approach aligns with recent advances in patent

classification, which increasingly rely on claims and descriptions as primary sources of

both legal and technical information respecitively (Kelly et al., 2021).

A methodological choice concerns whether patents should be classified by the in-

ventor’s location or by the filing country. The inventor’s location indicates where the

knowledge was originally produced; for instance, if an AI researcher based in India files a

patent in the UK, the inventor location is India. By contrast, the filing country reflects

the intention of the applicant to protect, commercialize, and deploy the innovation in the

UK. This is known in the literature as home bias in patent filing (Jamasb and Pollitt,

2011). Accordingly, we define a patent as UK-labeled based on the country indicated in

the patent registry at the time of filing. Our final UK sample comprises 542,977 patents

registered with the UK patent office between 1982 and 2022.

Another methodological choice concerns whether to rely on patent filings or granted

patents. In our analysis, we focus on filed patents, as they provide an earlier signal of

technological progress, while granted patents are often delayed for several years due to

administrative procedures and patent examiner workloads (Christiansen, 2008). From an

the broad technology section. For example, Fxxxxx corresponds to Mechanical Engineering; Lighting;
Heating; Weapons; Blasting. Subsequent digits refine the classification: for instance, F02xxx designates
Combustion Engines within section F.
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identification standpoint, the filing date is also preferable because it captures the moment

when information about an invention becomes publicly available. In this sense, the filing

date represents the first public disclosure of a patent’s content, making it a natural proxy

for news about future technological developments (Miranda-Agrippino, 2023).

2.1.2 AI-related patents definition and classification

Existing approaches for identifying AI patents typically rely on keyword queries and IPC

codes to match patent texts with technology classes.15 While transparent and straight-

forward, these methods face significant limitations. Keyword searches can be ambiguous,

as words can carry multiple meanings, synonyms, or spelling variations, and they require

lengthy boolean queries. IPC codes pose similar challenges: they may not align with

emerging AI technologies and patents frequently deviate from class definitions. Both ap-

proaches also depend on pre-defined dictionaries linking keywords or codes to technolo-

gies, which are often outdated, incomplete, or entirely absent, and whose construction

involves a large degree of subjectivity (Baruffaldi et al., 2020; Miric et al., 2023).

We mitigate many of the limitations noted above by applying a supervised ML algo-

rithm for the classification process (Miric et al., 2023; Choudhury et al., 2019). To this

end, we manually classify a subset of our dataset, which serves as the training sample

for the algorithm.16 A definition of AI is foundational for our classification. We would

ideally rely on a single definition for AI that remains largely consistent throughout our

classification period. In practice, however, no universal definition exists, and the concept

has evolved over the decades. (Winfield, 2020).17 The development of AI can be broadly

divided into three waves (UNCTAD, 2025). The first wave (1950s–1980s) was dominated

15See, for example, Fujii and Managi (2018) and Buarque et al. (2020), among others.
16Given the large size of our dataset, manual classification of all patents would be prohibitively costly.
17AI has been defined in many different ways depending on context. For example, the EU AI Act

(2024) offers a functional and legal description, framing AI as “a machine-based system that, for explicit
or implicit objectives, infers, from the input it receives, how to generate outputs such as predictions,
content, recommendations, or decisions that can influence physical or virtual environments”. By contrast,
McCarthy (1997) provides a broader definition, describing it as “the science and engineering of making
intelligent machines.” Studies that classify patent texts also diverge in scope: some, such as Fujii and
Managi (2018) and European Patent Office (2017), adopt a relatively narrow approach centered on
computational models, while others, like OECD (2022) and Cockburn et al. (2018), take a wider view
that includes robotics and AI-enabled devices.
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by rule-based approaches, where systems relied on explicitly programmed logic and expert

knowledge. The second wave (1990s–2010s) saw the rise of statistical methods, big data,

machine learning, and eventually deep learning, enabling more flexible and data-driven

models. The current third wave (late 2010s–present) is defined by contextual adapta-

tion, where generative AI systems such as ChatGPT exhibit the capacity to interpret,

generate, and interact with human-like adaptability across a wide range of contexts.18

Since the meaning and scope of AI have shifted over time, a narrow definition would be

too restrictive. We therefore employ a broad, component-based framework for our manual

classification, drawing on the approach of Giczy et al. (2022). Our framework identifies

eight core technological components that precisely characterize AI innovations: ML, AI

hardware, natural language processing, speech recognition, computer vision, knowledge

processing, planning/control, and evolutionary computation (see Appendix I for a de-

tailed description of the AI classes). A patent is considered AI-related if its central

inventive contribution, as evidenced in the description, claims, and abstract, maps to at

least one of these components. We read the title and abstract, examined the claim(s),

and consulted the description when necessary. When multiple AI components applied, we

recorded all. Borderline cases lacking explicit evidence of inference were excluded from

the manually labeled set.

To build a representative training sample, we ensure coverage across time by sampling

patents proportionally by year and quarter. We also balance the sample between AI and

non-AI patents, yielding 1,165 patents in total (550 AI and 615 non-AI).19 Figure A1 in

Appendix B presents two representative examples of both AI and non-AI related patents,

illustrating our manual classification process. Finally, to assess our manual classification

18Specifically, the first wave emphasized rule-based systems and symbolic AI, including early work on
optimal control, the development of expert systems, and initial attempts at natural language processing
such as ELIZA. This period also saw early neural network research, such as perceptrons, which faced
theoretical limitations that contributed to the first AI winter (Minsky and Papert, 1969). The second was
shaped by statistical learning, as researchers increasingly adopted machine learning methods, including
support vector machines and early deep learning models. Although often distanced from the term
“AI,” these methods laid the foundation for the resurgence of neural networks in the 2010s. The third
wave is characterized by contextual adaptation and generative AI, driven by advances in deep neural
architectures, especially transformer-based models (Vaswani et al., 2017; Brown et al., 2020) allowing
large-scale content generation in language, images and beyond.

19Balancing classes in text classification helps prevent bias toward the majority class and improves
model generalization; see, for example, Chawla (2005).
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process, an external domain expert validated a random subset of 100 patent texts (50

AI and 50 non-AI) from our training sample, confirming our classification with 98%

accuracy.20

2.1.3 Tracking AI innovations using textual analysis

To classify all 542,977 UK patents between AI and non-AI related, we apply the Näıve

Bayes Classifier (NBC). The NBC is a supervised ML algorithm popular for its compu-

tational efficiency and interpretability, particularly for large-scale datasets like ours. It

assumes that the probability of a given word appearing in a document is independent of

the presence of any other word, a simplifying assumption that enables efficient computa-

tion (Domingos and Pazzani, 1997). Its small number of parameters reduces the risk of

overfitting, making it well-suited for our analysis (Murphy, 2012).21

We pre-process the patent texts following standard cleaning steps used in textual

analysis. This involves concatenating the title and abstract, converting all letters to low-

ercase, removing numbers, special characters, punctuation, and stopwords, and deleting

extra spaces.22 After cleaning, we apply the Porter stemming algorithm to extract 5,462

word stems, called tokens. Stemming groups related words under the same root, for in-

stance, “artificial,” “artificially,” and “artificiality” are reduced to “artific-.” On average,

a patent title contains about 7 tokens, an abstract about 52 tokens, and the main body

(description and claims) about 550 tokens.

Next, we rank the tokens (features) using the term frequency–inverse document fre-

quency (TF-IDF) metric, which assigns higher values to words that occur frequently

within a given document but are relatively scarce across the entire corpus.23 We then ap-

ply the mutual information criterion, retaining tokens that occur more frequently in one

20A letter from the external expert is enclosed with this submission; it details the validation protocol
and clarifies each step of the manual classification workflow.

21While LLMs can admittedly achieve higher accuracy, they are substantially slower and require
greater computational resources, making them impractical for large-scale, routine classification (Cunha
et al., 2025).

22Stopwords, such as “the,” “of,” “to,” “are,” and “is”, are common words that occur frequently in a
language but contribute little to the text’s meaning.

23Highly common words, e.g., “apparatus”, usually lack discriminatory power, while extremely rare
terms may add noise or capture idiosyncratic phrasing. Filtering by TF-IDF helps retain tokens that
are more informative for distinguishing AI from non-AI patents.
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class and down-weighting those with low overall frequency (Manning et al., 2009). From

this process, we retain the 100 highest-ranked words along with the 5 most frequent IPC

codes, producing a final search dictionary of 105 tokens used to train the NBC. Figure

1 visualizes the 105 tokens selected by the mutual information criterion. Note that the

size of each token is proportional to its mutual information score. The most frequent

token appears to be “image”, which aligns with computer vision, the category that ap-

pears most frequently in the training sample.24 They are followed by “data”, “neural”,

and “network” which are general terms that could appear in all eight components of AI

technology.

Figure 1: Frequently used tokens indicating an AI-related patent.
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We evaluate the NBC using a 75/25 train–test split of our manually classified sam-

ple. The training set contains 874 patents, while the test set contains 291 patents.25

Table 1 reports the confusion matrix for the test set and the corresponding performance

metrics. Out of the 150 AI-related patents in the test set, 127 are correctly classified,

24Among the AI-classified patents, approximately 50% pertain to computer vision, 35% to speech
recognition, and 16% to natural language processing.

25Results are robust to alternative splits such as 60/40 and 80/20; these are available upon request.
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corresponding to a recall of 0.847, while 23 (15.3%) are misclassified as non-AI. Among

the 141 non-AI patents, 108 are correctly classified, yielding a recall of 0.766, while 33

(23.4%) are misclassified as AI. The overall accuracy across the test set is 0.806, reflecting

the percentage of total correct classifications (both AI and non-AI) out of all predictions

made. The precision for the AI class is 0.794, meaning that when the model predicts

a patent as AI, it is correct approximately 80% of the time. The F1-score for the AI

class, which balances precision and recall, is 0.819. To strengthen the credibility of our

classification, we perform an ex-post evaluation by cross-checking the model’s predictions

with an external domain expert in AI.26

Table 1: Confusion matrix and performance metrics for recognition of AI patents (75/25
split).

Confusion Matrix (counts) Performance Metrics

Actual / Predicted AI Non-AI Metric Value

AI 127 23 Accuracy 0.806
Non-AI 33 108 Precision (AI) 0.794

Precision (Non-AI) 0.824
Recall (AI) 0.847

Recall (Non-AI) 0.766
F1-score (AI) 0.819

F1-score (Non-AI) 0.794

Note: In the confusion matrix, rows correspond to actual classes and columns to predicted classes.

Metrics are computed from the test set of 291 patents.

Subsequently, we apply the trained NBC to classify the remaining unlabeled patents

in our dataset. This process identifies approximately 190,000 AI-related patents span-

ning from 1982 to 2022. Each patent is assigned to the quarter of its earliest filing date,

producing a quarterly series of AI patenting activity that forms the basis for the con-

struction of our instrument, which is discussed in detail in the following section. Figure 2

presents our quarterly series of AI-related patents filed in the UK between 1982 and 2022,

shown both as a share (right axis) and in total counts (left axis). The share of AI patents

remains relatively low and stable through the 1980s and 1990s. In the early 2000s, a

26Involving human domain experts in the validation of ML outputs has become increasingly common
in applied ML research, particularly for algorithms targeting specialized predictions. The combination
of algorithmic forecasts with expert judgment enhances both interpretability and trustworthiness of the
findings; see Kumar and Sharma (2022) for further discussion.
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gradual uptick is visible, with AI patents accounting for slightly over 10% of all filings by

2003. This coincides with the second wave of AI, marked by developments in statistical

learning and supported by rising computational power, expanding data availability, and

more sophisticated algorithms. From 2010 onwards, the upward trajectory accelerates

sharply, with the share of AI patents approaching 30% by 2022. This post-2010 surge

reflects the third wave of contextual adaptation, marked by deep learning and, more

recently, transformer-based architectures and LLMs. On the volume side, the absolute

number of AI-related patents follows a similar pattern, with pronounced growth after

2017.

Figure 2: AI-related patents in the UK (1982–2022).

Note: Authors’ own estimations. The dotted series indicate the predicted number of AI-related
patents (levels), while the line shows their share of all patents registered in the UK patent
office.

2.2 AI Patent-based instrument

Armed with our forty-year AI patent-based innovation measure, our next objective is to

construct an instrument for the identification of the AI news shocks. A key challenge con-

cerns the endogeneity of patent applications, specifically, the possibility that the decision

to file a patent may be influenced by agents’ expectations about the UK macroeconomy.

For example, if firms anticipate an upcoming expansion in aggregate demand or expect

government subsidies for digital technologies, they may accelerate the filing of AI-related

patents in anticipation of higher future returns. To mitigate this concern, we construct
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an IV that isolates the component of AI patent applications independent of expecta-

tions about the UK macroeconomic outlook, as well as lags of AI patent applications.

The proposed approach increases the likelihood that the instrument is solely correlated

with current AI news shocks, which is essential for accurate identification. In Section

4, we extend this specification by incorporating additional controls to ensure that our

identification strategy is robust.

We construct our instrument by taking the residuals of the following regression:

AIPatentst = a+ ζ(L)AIPatentst +
∑

h=1,4,8

θhEt [xt+h] + zt (1)

Equation 1 is estimated at quarterly frequency, where AIPatentst represents the annual

growth rate of all AI patent applications, ζ(L) =
∑4

j=1 ζjL
j, L is the lag operator, and

Et [xt+h] represents a vector of forecasts from the BoE for the two core macroeconomic

variables included in xt, namely GDP growth and CPI inflation.27 We consider forecasts

with horizons of one, four, and eight quarters ahead. The time index in Et refers to the

publication date of the forecasts. Because the information set underlying the Monetary

Policy Committee (MPC) forecasts corresponds to the previous quarter, the collection of

forecasts in Et[xt+h] reflects pre-existing perceptions of the UK macroeconomic outlook.28

Specification 1 is estimated using our AI patent-based measure from 1997Q3 to 2022Q4

due to the unavailability of GDP growth forecasts before 1997Q3.

The regression results are presented in column (1) of Table A1 in the Appendix,

labeled Baseline. Note that columns (2) to (5) incorporate additional confounding factors

into the baseline specification, providing alternative instruments to ensure the robustness

of the baseline specification.29

27Projections of GDP growth and CPI inflation are published in the Monetary Policy Report by
the BoE. The report contains projections for GDP growth since 1997Q3. On 10 December 2003, the
Chancellor of the Exchequer announced that he changed the inflation target from 2.5% for annual Retail
Price Index (RPIX) inflation to annual inflation of 2.0% as measured by the CPI. The BoE provides
inflation forecasts for RPIX inflation up to 2003Q4, and for CPI inflation from 2004Q1 onward. For
more information, see: Bank of England Monetary Policy Report - February 2024.

28Although the forecasts are published at the beginning of the second month of each quarter, the in-
formation on which the MPC bases its projections, drawn from the quarterly release of GDP expenditure
components and income by the ONS, becomes available six weeks prior to publication. As a result, the
forecasts effectively rely on data from the previous quarter. For more information see here.

29These are described in detail in Section 4.
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In the Baseline results, AI patent applications display a strong degree of autocorre-

lation, as indicated by the statistically significant coefficients on three of the four lagged

terms. Consequently, incorporating its own lags in equation 1 mitigates the dependency

of the IV on past AI patenting activity. Importantly, we find significant coefficients for

CPI at h = 8 and for GDP growth at h = 4, respectively. This suggests that expec-

tations regarding the UK’s macroeconomic outlook contain information relevant for AI

patent applications beyond their own lags, thereby influencing the decision to file an AI

patent.30 Figure 3 presents our constructed IV, i.e. the residuals from the baseline spec-

ification, and Table A2 in Appendix D reports the Wald test from a regression of the IV

on the BoE’s macroeconomic forecasts. The results indicate that the instrument is not

Granger-caused by macroeconomic expectations, supporting the validity of our IV.

A potential issue is that AI patent applications may correlate with factors beyond

the expected macroeconomic outlook. Specifically, monetary and fiscal policy changes

may directly influence AI patent applications by affecting macroeconomic aggregates. To

address this, Section 4 presents an alternative specification of Equation 1 that includes

controls for monetary and fiscal policy disturbances. We also account for broader non-AI

technologies and public innovation policies to ensure the instrument is not confounded

by contemporaneous technological or policy developments.

30The strong joint significance of the control variables as evidenced by the Wald tests at the bottom of
Table A1 confirms the relevance of our instrument for identifying exogenous AI technology news shocks.
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Figure 3: AI patent-based instrument.

Note: This figure shows the AI patent-based instrument, i.e. residuals from eq. (1), plotted
as a red line, alongside the growth rate of AI patent applications, shown as a blue line.

2.3 Proxy SVAR and identification

We next employ our AI patent-based IV to infer the dynamic effects of news about

future technological progress in AI on several macroeconomic variables and labour market

outcomes. To achieve this, we use a proxy Structural VAR (proxy-SVAR) (Stock and

Watson, 2012, 2018; Mertens and Ravn, 2013). Consider the following reduced-form VAR

of lag order p:

yt = c0 +

p∑
j=1

Bjyt−j + ut (2)

where ut ∼ N(0,Σu) represents a vector of reduced-form shocks, yt is an n-dimensional

vector of endogenous economic variables of interest, c0 is a constant vector, and Bj

contains the autoregressive reduced-form coefficients. To estimate IRFs and forecast

error variance decompositions (FEVDs), we require that the information in our VAR is
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sufficient to recover all the structural shocks. In particular, we need to specify a matrix

A−1
0 such that pre-multiplying Equation 2 yields:

A−1
0 yt = A−1

0 c0 + A−1
0

p∑
j=1

Bjyt−j + A−1
0 ut (3)

The last term is the vector of n structural disturbances, εt = A−1
0 ut with εt ∼

N(0,Σε). Note that:

ut = A0εt, (4)

where A0 collects the contemporaneous effects of εt on yt. If one considers a suitable

identification scheme, ut = A0εt guarantees that the structural disturbances can be re-

covered from the observables in the VAR. In our case, consider that the only shock that is

economically significant is an AI patents-based news shock (AIPNS), εAI,t. If this shock

is the first shock of εt, it means that obtaining the first column of A0 suffices to identify

εAI,t. The identification of this column is where our instrument zt can be employed.

Conditional on equation 4, the conditions for identification in our proxy SVAR are:

E[ztεAI,t] = ϕ, ϕ ̸= 0 (relevance) (5)

E[ztεi,t] = 0, i ̸= AI (exogeneity) (6)

Condition (5) states that the instrument zt is correlated with the structural news shock

εAI,t via the following relationship: zt = βεAI,t + σvt, vt ∼ N(0, 1), where β and σ

are parameters used to construct a measure of reliability proposed by Mertens and Ravn

(2013), which captures the correlation between the instrument and the structural shock

of interest. Condition (6) states that zt is not correlated with the remaining structural

shocks and establishes exogeneity of the instrument.31 Under these conditions, the impact

responses of all VAR variables to εAI,t are estimated from the projection of the VAR

innovations ût on zt. We estimate our model using Bayesian techniques with four lags.32

31Note that these two conditions are very similar to those required of an instrument in a standard
2SLS setting.

32The use of four lags is standard in quarterly VARs and also in related studies on technology news
shocks (Miranda-Agrippino, 2023; Cascaldi-Garcia and Vukotić, 2022).
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We employ a normal-inverse Wishart prior following Caldara and Herbst (2019) and Negro

and Schorfheide (2011), with 50,000 posterior draws, using the last 10,000 replications

for inference.

We study the propagation of AI news shocks to the labor markets and the macroe-

conomy using a nine-variable VAR. The variables included are real GDP per capita,

unemployment rate, TFP, total hours worked, real wages, GDP deflator, real consump-

tion per capita, real investment per capita, and the FTSE All-Share Index.33,34,35 The

variables follow those commonly employed in VARs on the news shocks literature (Barsky

and Sims, 2011; Beaudry and Portier, 2014; Miranda-Agrippino, 2023; Cascaldi-Garcia

and Vukotić, 2022), with data drawn from the Office for National Statistics (ONS) and

the Federal Reserve Economic Data (FRED). All series, except the unemployment rate,

enter the VAR in log levels. The model is estimated over 1971Q1–2022Q4, while the IV

identification sample, used to project the VAR residuals on the instrument, covers the

period 1997Q3–2022Q4.

3 Results

3.1 Baseline estimates

The IRFs to a one standard deviation AI patent-based news shock, are depicted in Fig-

ure 4. These IRFs represent the mode of the posterior distribution of the parameters, with

solid blue lines indicating median estimates. Shaded areas correspond to 68% posterior

bands. We consider a horizon of 24 quarters (6 years).

The first result is that TFP responds upon impact, reaching up to a 0.15% increase,

followed by a gradual decline towards its new long-term equilibrium level, which remains

33Real variables are deflated using the GDP deflator and transformed in per capita terms by dividing
by the trend in population.

34Hours worked are measured in weekly hours, private final consumption expenditure serves as the
measure of consumption, average weekly earnings per person are used as the measure of wages, and gross
fixed capital formation is used to proxy investment.

35The TFP series is sourced from the ONS and is partially utilization-adjusted, accounting only for
lower capital utilization during the COVID-19 pandemic. In the robustness section, we consider an
alternative specification using fully utilization-adjusted TFP which is, however, limited to the period
1998:Q1–2020:Q1. The baseline results remain largely unchanged.
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Figure 4: Responses to an AI patent-based news shock, used as an instrument.

Note: The figure shows the impulse response functions (IRFs) to a one standard deviation AI
patent-based news shock. Median responses are depicted as solid blue lines, with shaded areas
representing 68% posterior bands. The horizon is 24 quarters (6 years).

significant throughout the forecast horizon. This suggests that news derived from AI

patent activity convey essential information about aggregate productivity levels both in

the present and over an extended period into the future. To put the magnitude of our

estimate into perspective, the peak effect of broad technological news shocks on TFP

reported in Cascaldi-Garcia and Vukotić (2022) is around 0.25%, while Kurmann and

Sims (2021) and Barsky et al. (2015) report peak estimates of approximately 0.40% and

0.30%, respectively.

The positive response of TFP is consistent with a growing micro-level literature high-

lighting the productivity-enhancing effects of AI. At the firm level, Czarnitzki et al.

(2023) find a positive and significant association between AI adoption and firm pro-

ductivity. Similarly, Yang (2022) report firm-level evidence from Taiwan’s electronics

sector showing that AI innovations are positively linked to productivity, suggesting that

AI adoption alters production methods in ways that enhance efficiency. Complementing

these findings, Babina et al. (2024) show that AI investments foster firm growth primarily

through product innovation, which expands output and market share, thereby reinforcing

productivity gains.
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Importantly, we find that TFP responds contemporaneously to AI-news shocks, that

is, within three months after the shock.36 This contrasts with the findings of previ-

ous studies in the broader technology news literature that typically find a delayed effect

on TFP, often characterized by an S-shaped trajectory (Barsky et al., 2015; Miranda-

Agrippino, 2023; Cascaldi-Garcia and Vukotić, 2022).37 In addition, as Barsky et al.

(2015); Kilian et al. (2023) and Kurmann and Sims (2021) highlight, there is no reason

to a priori assume that technology news shocks are disconnected from current produc-

tivity. By contrast, producers may adjust their expectations about future fundamentals

once tangible evidence emerges that some firms have successfully implemented the new

technology.

The different timing of the TFP response between AI and general technology news

shocks should also not be surprising, given the distinctive nature of the former tech-

nologies, which can be viewed as a form of intangible capital (Corrado et al., 2021;

Brynjolfsson et al., 2017). AI-related patents, such as ML algorithm or LLMs, can be

integrated into production processes much more rapidly than broader tangible technolo-

gies such as semiconductors or pharmaceuticals, which face higher adoption frictions and

fixed costs. While earlier contributions in the AI literature adopted a more modest view

on how quickly AI-driven productivity improvements could appear in official statistics

(Brynjolfsson et al., 2017; Gordon, 2018), more recent sectoral evidence suggests other-

wise. Brynjolfsson et al. (2025) find that access to AI increases worker productivity by

around 15%. Importantly for our analysis, these gains arise immediately upon deploy-

ment, with AI augmenting existing workflows rather than requiring major organizational

restructuring, thereby corroborating our finding that AI innovations affect TFP on im-

pact.38

36As we discuss in the following section, this finding remains highly robust across various specifications.
37These studies, like ours, do not impose restrictions on the immediate TFP response.
38Note that in Appendix A2, we report the TFP response from a specification in which we replace our

AI patent-based measure with the non-AI patent-based measure, which reflects broader technological
categories and is more closely aligned with previous studies of technological news shocks. By plugging
this index into our proxy SVAR, the TFP response follows the pattern observed in Cascaldi-Garcia and
Vukotić (2022) and Miranda-Agrippino (2023), reflecting the typical slow diffusion of technological news.
Indeed, the non-AI technology news shocks does not significantly affect TFP for the first four quarters;
the response begins to increase thereafter and eventually becomes statistically significant. This reinforces
the view that the immediate TFP response to the news shock observed in our baseline results is specific
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Turning to the broader economic effects of the shock, the macroeconomic responses

depicted in Figure 4 are consistent with a ‘news-driven’ business perspective, where the

anticipation of forthcoming technological advancements in AI stimulates a business cy-

cle expansion. An AIPNS triggers a noticeable co-movement among real output, real

consumption, and real investment. All responses exhibit immediate increases, and show

a persistent positive hump-shaped reaction, reaching their peak after approximately six

quarters. The positive effects of these responses are consistent with previous litera-

ture on broader technological news shocks (Cascaldi-Garcia and Vukotić, 2022; Miranda-

Agrippino, 2023) and with the recent study by Aldasoro et al. (2024), which finds positive

long-run effects of AI adoption on output, consumption, and investment. The magnitude

of these responses is economically substantial, with output and consumption rising by 0.3

percentage points at the peak, and investment increasing by 0.6 points. Subsequently,

the responses of output and investment gradually slow down to their new long-run level.

Both effects are long-lasting as the responses remain significant throughout the forecast

horizon of 24 quarters. The response of consumption is sustained even approximately af-

ter four years (i.e., 16 quarters) but the error bands do not rule out a zero long-run effect.

Unsurprisingly, the stock market promptly incorporates positive news regarding future

AI developments, exhibiting an immediate upward response upon impact, consistent with

the news-driven literature (Barsky et al., 2015).

Moving to the labour markets, the response of hours worked is positive on impact and

rises significantly at the two-year horizon (i.e., 8 quarters), then gradually declines over

time. For longer horizons, the effect is not statistically different from zero. Unemployment

declines, reaching its lowest point around eight quarters following the AIPNS, and then

gradually reverts to its initial impact level after the shock. Real wages also rise on

impact and then remain robustly elevated over time. Combined with the subdued initial

response of inflation, this indicates that news about future improvements in AI lead

to a short-term increase in aggregate nominal wages. Taken together, the responses of

unemployment, hours, and real wages point to an immediate and long-lived improvement

to AI-related technological innovations.
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in labor market outcomes in response to AIPNS. Our results on labour markets provide

also link to theoretical predictions on AI deployment (Acemoglu and Restrepo, 2018b,

2020, 2022). In this context, we view our findings as early evidence that productivity-

enhancing mechanisms dominate displacement effects, as reflected in higher hours worked,

lower unemployment, and rising real wages.39

Last, the response of inflation is quite muted, as indicated by the median which fluc-

tuates around zero and the confidence bands indicating no statistically significant effect.

The VAR literature presents mixed findings on the impact of technology news shocks on

inflation: some studies document a sharp initial decline followed by a persistently neg-

ative response in prices (Barsky and Sims, 2011; Görtz and Tsoukalas, 2018; Kurmann

and Sims, 2021), commonly referred to as the disinflation puzzle, while more recent stud-

ies document no significant response (Di Casola and Sichlimiris, 2018; Cascaldi-Garcia

and Vukotić, 2022; Bouakez and Kemoe, 2023). Our result aligns with the latter group,

suggesting that the disinflation puzzle disappears and the response of inflation is not sig-

nificant. The response subsequently slowly builds up over time, consistent with Cascaldi-

Garcia and Vukotić (2022) and predictions of standard New Keynesian models (Barsky

and Sims, 2011; Jinnai, 2014) that technology news shocks are inflationary. However, the

effect is not statistically different from zero at any horizon.

3.2 Forecast Error Variance Decompositions

To understand the extent to which AIPNS explain movements in all variables in our VAR,

we report the forecast error variance decompositions (FEVD) in Figure 5. FEVD show

the percentage share of variance accounted for by the AIPNS over a 24-quarter horizon.

Several interesting observations emerge. The shock explains approximately 9 percent of

the variation in TFP in the short run and around 7 percent at longer horizons, indicating

that news concerning future advancements in AI carries relevant information about future

productivity changes. Furthermore, the shock is a significant driver of real GDP and

39We run an alternative specification where total employment replaces the unemployment rate. The
results are depicted in Figure A9. Employment responds positively and significantly to the AIPNS,
and the remaining responses remain largely unchanged, confirming the baseline implications that the
productivity-enhancing effects of AI dominate its potential displacement effects.
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investment, as it accounts for approximately 16% and 14% of their overall variation,

respectively, after 24 quarters. In both cases, the news shock explains a smaller fraction

of variations in the short term, with an increasing effect over time. Additionally, the shock

is responsible for approximately 10% of the fluctuations in real wages, consumption, and

stock prices after six years, and it accounts for about 12% of changes in unemployment

and hours over the same period.

Figure 5: Forecast Error Variance Decomposition.

Note: The figure depicts the forecast error variance decompositions (FEVD) for key macroe-
conomic variables over a 24-quarter horizon. The results highlight the proportion of variance
in each variable explained by the identified AI patent-based news shock. Median estimates
are shown, with shaded areas representing the 68% posterior credible intervals.

The finding that AIPNS explains a substantial share of the variation in key macroe-

conomic variables reinforces our baseline results, as it suggests that the shocks capture

meaningful information about future productivity, overall macroeconomic conditions, and

labour market dynamics.

Our findings should be viewed as conservative estimates that understate the effects

of AIPNS, given the long sample used in the VAR estimation relative to the IV sample

and the fact that our patent-based measure captures only direct technological innovation

activity, without accounting for indirect effects such as knowledge spillovers.
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3.3 Alternative Identification of the AI News Shocks

To bolster the credibility of our findings and ensure they are not driven by our IV design,

we further implement an alternative identification strategy. We identify the AIPNS fol-

lowing the maximum forecast error variance (MFV) approach proposed by Uhlig (2005),

Barsky and Sims (2011), and Neville Francis and DiCecio (2014). This method identifies

the structural shock that best explains the immediate, unforeseen variation in our AI

patent-based measure. A key benefit of this approach is that it allows us to exploit the

full informational content of the AI patent series, extending our sample back to 1982Q1.

Recall from Section 2.3 the linear mapping of ut and the structural shocks εt, ut =

A0εt. The A0 impact matrix makes Σu = E[utu
′
t] = E[A0εt(A0εt)

′] = A0E[εtε′t]A′
0 =

A0ΣεA
′
0 = A0A

′
0, where Σu is the variance-covariance matrix of the reduced-form innova-

tions. Typically, identification is achieved by choosing A0 as the Cholesky factor of Σu,

implying a recursive ordering of the variables as in Sims (1986). In our context, we focus

solely on identifying the innovation associated with the AIPNS; other structural shocks

are not of interest. We can rewrite A0 as Â0M , where Â0 is the lower triangular Cholesky

factor of Σu and M is an n× n matrix satisfying MM ′ = I.

Let Ωi,j(h) be the share of the forecast error variance of variable i explained by

structural shock j at horizon h, and that the AI patent-based measure is driven only by

one exogenous shock, that is, the AIPNS; it follows that Ω1,1(0)AI = 1, where i = 1 refers

to the AI measure (ordered first in the VAR), j = 1 is the AIPNS, and h = 0 denotes

the effect of the shock on impact. The share of the forecast error variance of the AIPNS

is defined as:

Ω1,1(0)AInews =
e′1

(
BT Â0Me2e

′
2M

′Â′
0B

′
T

)
e1

e′1 (BTΣuB′
T ) e1

=
B1,T Â0γγ

′Â′
0B

′
1,T

B1,TΣuB′
1,T

.

where both e1 and e2 are selection vectors with 1 in the position i = 1 and zeros elsewhere,

while BT is the matrix of moving average coefficients measured at each period until T .

Since we are interested in the contemporaneous effect of the shock, this simplifies to

T = 0. The combination of e1 and e2 with the proper column of M can be written as
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γ, which makes Â0γ the impact of AIPNS on all variables in the VAR. The AIPNS is

identified by solving the optimization problem:

γ = argmaxΩ1,1(0)AInews s.t. γ′γ = 1

This restriction imposes that γ is orthonormal.

Intuitively, the AIPNS is identified as the shock that best explains unpredictable

movements in the AI patents-based measure, on impact. The information set remains

the same as described in the baseline, except that the AI series is now included in the VAR.

This allows us to extend the sample back to 1982Q1, corresponding to the full availability

of our AI patent series, which had previously been constrained by the unavailability

of the BoE forecasts used in our IV. Figure 6 presents the IRFs obtained using the

MFV identification scheme, confirming the robustness of our results to this alternative

approach.

The responses are qualitatively similar to the benchmark model shown in Figure 4.

The AIPNS triggers an immediate response and a persistent long-term increase in TFP.

Consumption, investment, and consequently output experience an immediate rise in re-

sponse to anticipated advancements in AI, while unemployment gradually falls. Similarly,

hours worked and real wages also show a positive initial response and gradually adjust

to their new lower long-term levels. The only difference compared to the baseline is that

prices fall on impact in response to the shock, suggesting that the inflation response ob-

tained from this identification scheme is in line with the disinflation puzzle observed in

earlier studies of broader technological news shocks (Barsky and Sims, 2011; Görtz and

Tsoukalas, 2018; Kurmann and Sims, 2021). As expected, the stock market index, being

a forward-looking variable, quickly prices in the positive news and jumps on impact. In

summary, our findings further confirm the significant impact of AI news shocks on the UK

labor market and the broader macroeconomy in line with our benchmark specification.
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Figure 6: Impulse Response Functions obtained through the MFV identification scheme.

Note: The figure depicts the impulse response functions (IRFs) for the AI patent-based news
shock using the MFV identification scheme. Median responses are shown with shaded areas
representing 68% posterior credible intervals. The horizon is 24 quarters.

4 Robustness and Extensions

In this section, we replicate the baseline findings by exploring several extensions. We

control for additional confounding factors to ensure the validity of our instrument, by

augmenting Equation 1 with monetary and fiscal policy shocks, broader technological

developments, and public R&D expenditures. We also consider an alternative construc-

tion of the patent measure based on forward citation weights, as well as an alternative

measure of TFP. Finally, we compare our VAR results with estimates obtained from local

projections.

4.1 Alternative IVs

A potential concern with the instrument construction in Section 2.2 arises from the

possibility that AI patent filings may be correlated with other contemporaneous policy
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shocks beyond changes in expectations about the UK macroeconomy, as captured by

BoE forecasts. In particular, monetary and fiscal policy may shape the macroeconomic

environment, which in turn could influence AI patent activity. We address this concern

by introducing the following two series as controls: a measure for UK monetary policy

shocks proposed by Miranda-Agrippino (2023) which projects market surprises on central

banks’ forecasts and forecast revisions of key variables expected to enter the central bank’s

reaction function.40 We also incorporate the narrative tax shocks series estimated by

Cloyne (2013) and extended by Hayo and Mierzwa (2023).41

The results of the IV regression are reported in Table A1, which extends the base-

line IV specification by incorporating alternative instruments described in this section.

Columns (2) (‘policy shocks’) and (3) (‘Et + policy shocks’) report results from aug-

menting equation 1 with the aforementioned policy shock series. In both specifications,

whether or not we control for the BoE’s macroeconomic forecasts, we find that fiscal pol-

icy shocks are statistically significant predictors of AI patenting activity, suggesting they

may directly influence firms’ innovation behavior. In contrast, monetary policy shocks

do not exhibit a statistically significant association with AI patent filings.

The IRFs are reported in Appendix G, Figure A3.42 Despite the shorter IV sample

ending in 2015, it is reassuring that all responses are qualitatively similar to those in

the benchmark model shown in Figure 4 with the exception of a decline in inflation.

While some responses are delayed and exhibit less pronounced effects, they are consistent

with positive news regarding future AI developments prompting an increase in aggregate

productivity and a broad-based expansionary business cycle phase.

Another potential source of endogeneity arises from the possibility that AI patent

40Note that we also consider an alternative specification where we utilize the monetary surprises series
constructed by Cesa-Bianchi et al. (2020), covering almost the same period, that is, from 1996:Q2 to
2015:Q1. The responses (not reported here) are almost identical to the results in Figure A3 (see below).

41The tax shock series is available up to 2018:Q2, whereas the monetary policy shock series spans
an even narrower period, up to 2015:Q1. Owing to these data limitations, equation 1 is estimated over
a correspondingly narrower IV sample relative to our baseline specification, covering the period from
1997:Q3 to 2015:Q1. The VAR sample remains unchanged from the baseline.

42The figure depicts the IRFs from the specification that includes the lagged AI values and the
narrative policy shocks, that is, the specification corresponding to the regression output in column (2)
in Table A1. The results are largely unchanged when replacing it with the IV from the specification in
column (3) in Table A1.
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applications are not fully exogenous to broader technological activity seemingly unrelated

to AI. Since AI innovation is often intertwined with complementary technologies such as

semiconductors, our baseline IV may capture not only expected developments in AI but

also expectations about broader technological trends. To address this, we construct an

alternative IV by augmenting the regression with a control for broader techonological

trends, proxied by our non-AI patent-based measure. Indeed, the results in Table A1

in Appendix G reveal that non-AI patenting activity contains information about future

AI patent production, as reflected in the significance of its current and lagged coefficient

values.

The IRFs derived from this specification, presented in Figure A4 in Appendix G,

support the results of our baseline model. Positive news about future AI activity raise

TFP and initiate GDP expansion and improvement of labor market outcomes. A subtle

short-run difference emerges: real GDP, consumption, real wages, and hours worked

exhibit temporary initial declines, while unemployment remains flat. These effects likely

reflect transitional dynamics from the task-displacing nature of AI, as firms reorganize

production and delay hiring before productivity gains materialize. This is consistent

with Acemoglu and Restrepo (2020), who document short-run declines in labor demand

and consumption following automation and AI adoption. Nevertheless, these effects are

temporary. Within a few quarters, the anticipated productivity improvements begin to

materialize as firms adjust to the expected advancement of AI, giving rise to a broad-

based expansion in macroeconomic and labor market indicators, closely mirroring the

medium- and long-run dynamics observed in the baseline model.

Another potential endogeneity concern is that public innovation policies may directly

influence innovation decisions (Bloom et al., 2019). In particular, government R&D

spending could affect firms’ incentives to invest in AI, confounding the identification of

exogenous technology news shocks. To address this, we estimate an alternative specifica-

tion that controls for UK public R&D expenditure.43 The regression results, presented

43The data on government R&D allocations are sourced from the OECD. They are reported at an
annual frequency. We interpolate these into quarterly observations using cubic spline interpolation to
match the frequency of the other variables in our VAR.
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in the last column of Table A1, indicate that public R&D does not exert a statistically

significant effect on AI patenting activity. Consistent with this finding, the IRFs shown

in Figure A5, which incorporate public R&D and its lags as controls, remain largely

unchanged relative to our benchmark specification.

4.2 Weighting Patents by Scientific Contribution

The use of patent counts is often criticized because this measure may either underesti-

mate or overestimate the true scientific and economic impact of innovations (Kelly et al.,

2021; Verendel, 2023). A potential remedy is the use of patent citation counts. Patent

citations also have limitations, but they remain a well-established proxy for knowledge

flows in innovation economics (Criscuolo and Verspagen, 2008; Jaffe et al., 1993; Jaffe and

Trajtenberg, 1999) and are increasingly used to identify major innovation breakthroughs

in the economics literature (Kelly et al., 2021). In this robustness test, we weight patents

by their forward citations, a measure widely regarded as capturing a patent’s scientific

relevance (Miranda-Agrippino, 2023; Kelly et al., 2021).

PATSTAT reports the citations each patent receives (i.e., which patents cite a given

patent). We use this information to construct a weighted AI patent series. Specifically,

each patent is multiplied by the number of its citations plus one: Patentsadj = Patents×

(Citations + 1), where Patentsadj denotes the adjusted number of patents scaled by

their citations.44 Figure 7 compares the weighted AI patent series with the unweighted

baseline. Note that the citation-weighted series begins to diverge noticeably from the

baseline from 2018 onward, with a pronounced decline toward the end of the sample.

This occurs because citation weights aggravate the truncation bias (Lerner and Seru,

2021). In other words, it can take many years after a patent is filed before its influence

is fed to forward citations.45

Figure A6 in Appendix G plots the responses. Relative to the baseline specification,

the results are qualitatively similar: TFP and real GDP rise significantly, unemployment

44The unit ensures that patents without citations are not excluded (Miguelez and Moreno, 2018).
45As noted in Lerner and Seru (2021) and Miranda-Agrippino (2023), citations for patents can only

accumulate over time, leading to more recent patents being underweighted due to having fewer citations,
regardless of their actual scientific value.
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Figure 7: Comparison of weighted and unweighted AI patent series.

Note: The red dotted series is our baseline AI patent-based index (AI count). The blue dotted
series (AI weighted) scales each patent by the number of forward citations it has received (plus
one), thus accounting for their scientific relevance.

falls, and both real wages and investment increase. The main difference is that the positive

effects implied by the citation-weighted AIPNS are generally smaller in magnitude. In

some cases, such as hours worked and consumption, their significance fades more quickly,

reflecting truncation bias, since patents granted near the end of the sample have fewer

citations and their true impact is underestimated. Taken together with the limitations

discussed above, this warrants caution when relying on the citation-weighted scheme as

an instrument for AI news shocks.46

4.3 Utilization adjusted TFP Series

The VAR technology news literature typically utilizes utilization-adjusted TFPs to iden-

tify technology news shocks.47 As Fernald (2014) shows, adjusting for these utilization

46To partially address truncation bias, we estimate an alternative specification excluding observations
from 2018:Q2 onward. The resulting IRFs, not reported here, are broadly similar to the baseline.

47Utilization-adjusted TFP accounts for variations in factor utilization, e.g. hours worked per em-
ployee, labor effort, and capital workweeks.
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margins helps strip out cyclical non-technological fluctuations, yielding a cleaner mea-

sure of underlying technological change. Unfortunately, apart from the US case, there

are currently no other utilization-adjusted quarterly TFP estimates covering a long sam-

ple period. In our main specification, we use the closest available series sourced from

the ONS, which accounts for lower capital utilization during the COVID-19 pandemic.

Consequently, our baseline TFP measure remains only partially adjusted.

Nevertheless, a salient feature of our identification strategy is its departure from

imposing assumptions regarding the short- and long-term behavior of TFP. Thus, our

findings should remain robust regardless of whether productivity is adjusted for capacity

utilization. To verify this, we incorporate the sole UK-adjusted TFP measure available

at the time of writing, as designed in Kamber et al. (2017) and extended by Mouratidis

et al. (2024). Its coverage is restricted to 1998Q1–2020Q1, thereby excluding the period

marked by the diffusion of recent advances in generative AI. Consequently, the VAR

sample is smaller than in the baseline due to limited TFP data availability. Figure 8

suggests that the response of the adjusted TFP series to an AIPNS closely mirrors our

baseline scenario, characterized by an initial jump in response to the shock, followed by a

reversion to its new, higher long-run level of about 0.05%. Therefore, our results remain

unaffected regardless of whether productivity is adjusted for capacity utilization. 48

48The remaining IRFs remain largely unchanged. The full figure is available upon request.
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Figure 8: Impulse response functions (IRFs) for utilization-adjusted TFP.

Note: The figure shows the IRFs from a VAR using the utilization-adjusted TFP series from
Kamber et al. (2017). Estimation sample 1998Q1–2020Q1, IV sample 1998Q1-2020Q1.

4.4 Local Projections

It is often argued that lag truncation in VAR models can bias medium- and long-term

impulse responses, whereas local projections (LPs) are less susceptible to this issue (Jordà

et al., 2024). In our case, the risk of lag truncation bias is limited, since we include a

relatively large number of lags in the VAR. As Jordà et al. (2024) point out, using more

than one lag helps mitigate the adverse effects of truncation when capturing the impact

of shocks at medium horizons.

Still, to check robustness, we also estimate the impulse responses to an AI news

shock using LPs à la Jordà (2005) that estimate the IRFs directly from the following

linear regression:

yt+h = ch0 +

p∑
j=1

Bh
j yt−j + ut+h, (7)

where yt is the vector of the same endogenous variables used in our VAR, h is the IRFs
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horizon, and ut+h denotes residuals.49 The IRFs for the AI news shock at horizon h can

be computed as Bh
1A

(1)
0 , where A

(1)
0 denotes the contemporaneous effect of the AI news

shock obtained using the MFV VAR.50,51

Overall, the results depicted in Figure 9 are qualitatively consistent with those from

the MFV VAR: under the LP approach, TFP, real GDP, hours worked, consumption,

wages, investment, and the stock market increase in response to the shock, while unem-

ployment declines. The magnitudes of most LP estimates are comparable to the average

effects in Figure 6. However, the LP responses are more erratic and display considerably

wider confidence bands, rendering them statistically insignificant over longer periods.

This wider variability of LP estimates is consistent with the findings of Kilian et al.

(2023), Miranda-Agrippino (2023), Budnik and Rünstler (2023), and Plagborg-Møller

and Wolf (2021) on the relative efficiency of structural VARs versus local projections.

Figure 9: Local projections.

Note: The figure shows the IRFs from Local Projections following Jordà (2005). Median
responses are shown in red dotted lines, with grey shaded areas representing 68% posterior
credible intervals. The horizon is 24 quarters.

49The lag order p depends on h.
50Note that at horizon 0, the VAR and local projection coincide.
51We use the MFV-identified shock for LP because it incorporates the AI patent series directly into

the VAR, enabling estimation on an extended sample (1982Q1–2022Q4) compared to the IV sample.
Using the proxy-SVAR news shock would restrict the LP estimation to the shorter IV sample.
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4.5 Additional robustness

We perform additional robustness checks, including a pre-crisis sample, alternative infla-

tion and productivity measures, total employment in place of the unemployment rate,

and an IV excluding 8-quarter-ahead CPI and GDP forecasts. A detailed description of

these specifications and results is provided in Appendix H.

5 Industry-Level Evidence of AI Adoption

In this section, we aim to better understand which industries drive the propagation

of news regarding future technological advancements in AI. To this end, we account for

sectoral heterogeneity in the generation of AI innovations by constructing sectoral indices

of AI-related patents, allocating each patent to its industry of origin. We follow Dorner

and Harhoff (2018), which allows us to map International Patent Classification (IPC)

codes to NACE sectors.52,53

After matching our AI measure with the concordance tables, we obtain a quarterly

dataset of AI patents that originates in 272 sub-sectors, which correspond to three digit

NACE numerical codes (01.1 to 99.0), over the period 1982-2022. Table A3 in the Ap-

pendix reports the share of AI patents as a proportion of total AI patents across the

broad NACE industrial sectors during the sample period. The table includes only those

sectors in which at least one AI patent has been recorded.

We observe that 59% of AI patents originate in the manufacturing sector. Within

52Specifically, we identify the industry of origin for each patent by linking its International Patent
Classification (IPC) codes to NACE sector codes, following the concordance developed by Dorner and
Harhoff (2018). This mapping combines inventor–employee information from PATSTAT with administra-
tive employment data, enabling the assignment of patents to the industries where inventors are employed.
For instance, consider patents classified under IPC G06F, which pertains to electronic data processing
technologies (e.g., computer hardware and software). Dorner and Harhoff (2018) show that many inven-
tors associated with G06F patents are employed in firms classified under NACE 26.20 (Manufacture of
Computers and Peripheral Equipment) and NACE 62.01 (Computer Programming Activities).

53The literature distinguishes between two main approaches to patent–industry concordance: the
industry-of-origin (IOO) approach (Dorner and Harhoff, 2018), and the industry-of-use (IOU) approach
captured through a probabilistic matching method (Lybbert and Zolas, 2014). While IOU concordance
tables could, in principle, be useful for capturing the end-use of AI technologies, existing implementations
are confined to the manufacturing sector. In contrast, the IOO approach, adopted in this paper, enables
us to map IPC codes to a much broader range of industries such as IT, research and software development,
highly relevant for AI.
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manufacturing, the majority of these patents, 76% of the total AI patents in this sector,

are concentrated in the production of computer and electronic products (NACE code

C26). The majority of AI patents within C26 are concentrated in the following categories:

computers and peripheral equipment (C26.2) account for 28%, communication equipment

(C26.3) for 22%, instruments for measuring, testing, and navigation (C26.5) for 16%, and

electronic components and boards (C26.1) for (7%), of all AI patents in manufacturing.

Outside the manufacturing sector, the two service-related sectors with the lion’s

share of AI patents are: a) computer programming, data processing, and related activities

(NACE code J62) within the broader industry class J: Information and Communication,

and, b) research and development (NACE code M72) within the broader industry class M:

Professional, Scientific and Technical Activities.54,55 Together, these two service sectors

dominate the AI patent landscape within the broader services category (NACE codes

J and M), accounting for a combined share of 96%. Last, less technologically intensive

sectors, such as agriculture, mining, real estate, education, and arts and entertainment,

have unsurprisingly generated only a minimal number of AI patent filings.

Figure 10 displays the effects of three shocks on selected macroeconomic variables: (i)

the baseline (aggregate) AIPNS; (ii) the AIPNS based on patents originating in the manu-

facturing sector (industry C in NACE); and (iii) the AIPNS based on patents originating

in professional, scientific, and information services sectors (the combined contribution

of industries J and M in NACE, hereafter referred to as the ‘services’ news shock for

brevity). Each panel reports the FEVD at horizons of 0, 6, 12, 18, and 24 quarters.

Starting with TFP, the services news shock accounts for an average of about 8% of

its fluctuations, a share very close to that implied by all patents in the sample. The

manufacturing sector contributes a lower share, around 5% of the FEVD of TFP. This

pattern suggests that AI-related patenting activity in services is more relevant for fu-

ture movements in TFP than patenting activity in manufacturing. The stronger impact

54J62 includes technologies related to software development, modification, testing, and support; the
planning and design of integrated computer systems; and the on-site management and operation of
clients’ computer systems and data processing facilities.

55Our estimates are in line with Vukotić (2019) and Cascaldi-Garcia and Vukotić (2022), who also
estimate technology news shocks at the level of similar sub-industries within the manufacturing and
services sectors.
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of the services shock on TFP, relative to manufacturing, reflects the nature of patents

in this industry. Specifically, the most related subindustry is computers and peripheral

equipment, which accounts for 28% of all AI patents in manufacturing. This subindustry

develops and deploys core digital and AI-related technologies, such as cloud computing,

data analytics, algorithm design, and AI consultancy. Patents in this sector are intangible

and software-driven, facilitating easier integration into existing processes and technolo-

gies. Consequently, their productivity-enhancing effects tend to be more pronounced than

those of patents in manufacturing.

Turning to the macroeconomic variables, a clear pattern emerges. The manufactur-

ing AIPNS is more influential than the baseline AIPNS, particularly for real GDP: it

explains 23% of output fluctuations after 24 quarters, compared to 16% under the base-

line AIPNS. Similar results hold for real wages and investment, where the manufacturing

shock accounts for about 14% of the variance, equal to or exceeding the baseline effect.

Thus, patenting activity in manufacturing appears important for explaining movements

in key UK macroeconomic indicators.56 The services news shock also matters, though

less pronounced, explaining 12% of GDP fluctuations, 9% of real wage variation, and 11%

of investment variation at the 24-quarter horizon.

Figure 11 reports the FEVDs for the key sub-industries identified earlier. The first

three columns correspond to the main manufacturing sub-industries, while the final two

columns show the dominant service sub-industries. The results indicate that the largest

contributions to TFP fluctuations come from the research and development sub-sector in

the short term (about 8% on average after 6 quarters) and the instruments for measuring,

testing, and navigation sub-sector in the longer term (18–24 quarters), which accounts for

roughly 7% of the variation. When looking at the FEVD of GDP, AI patenting activity in

the manufacturing sub-sectors of computer and communication equipment, accounts for

sizable future movements, about 22% and 19% after 24 quarters, respectively. Among the

two dominant service sub-sectors, computer programming is especially relevant, explaining

on average 15% of GDP fluctuations across the forecast horizon. For real investment,

56The manufacturing news shock also explains 17% of the variation in both hours worked and con-
sumption after 24 quarters. Full FEVD results for all variables and shocks are available upon request.
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the manufacture of communication equipment is most important, accounting for 15% of

fluctuations in the short term (up to 6 quarters) and 13% at longer horizons. Finally,

the computer and communication equipment industries also dominate in explaining real

wage dynamics, each contributing around 10% of the FEVD after 24 quarters.

Figure 10: FEVDs explained by industry AI patent based news shock.

Note: The figure reports the FEVDs of TFP, GDP, wages, and investment explained by all
AI patent-based news shock, the manufacturing sector AI patent-based news shock, and the
services sector patent-based news shock, at different horizons (0,6,12,18,24).
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Figure 11: FEVDs explained by sub-industries AI patent based news shock.

Note: The figure reports the FEVDs of TFP, GDP, wages, and investment explained by
AI patent-based news shocks from the most relevant subindustries, at different horizons
(0,6,12,18,24).
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6 Conclusion

Recent advances in artificial intelligence have generated both optimism and concern.

While some fear that rapid, AI-driven automation will displace workers, others highlight

its potential to boost productivity and create new forms of employment. This ambiguity

makes early, forward-looking indicators, such as AI-related patent filings, particularly

valuable for understanding how expectations about AI shape productivity, labour mar-

kets, and the broader economy.

Motivated by this, we ask: How does the UK, an advanced economy and a forerun-

ner in technological innovation, respond to shocks that convey public information about

future improvements in AI?

To address this question, we construct a novel measure of AI inventive activity by clas-

sifying UK patent text data into AI and non-AI technologies over the past four decades.

Classifying AI patents poses a significant challenge, as the scope of AI has evolved sub-

stantially over time, rendering traditional keyword searches and technology codes often

inconsistent across long periods. We classify over 550 million patent texts using a machine

learning algorithm and validate our estimates both internally and with the assistance of

an external domain expert.

We exploit this measure of AI innovation activity to build an instrument that is in-

dependent of macroeconomic expectations, fiscal and monetary policy, broader trends

in non-AI technological innovation, and public R&D spending, factors that could oth-

erwise affect patenting activity. This instrument is then used within a Bayesian proxy

VAR to identify AI news shocks, which capture information about future technological

developments in AI.

We find that TFP rises immediately following an AI news shock. This immedi-

ate jump contrasts with the delayed diffusion pattern typically documented for broad

technological-news shocks. Unlike traditional innovations in IT and manufacturing, ad-

vances in AI can be integrated more rapidly into existing production processes. Although

this interpretation should be viewed with some caution, since many recent AI technologies

are only beginning to be applied, our findings of rapid productivity gains are consistent
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with the emerging literature documenting the rapid adoption of generative AI in the

workplace (Bick et al., 2024; Brynjolfsson et al., 2025).

The AI news shocks identified here also trigger a broad-based and persistent macroe-

conomic expansion, as shown by increases in output, investment, and consumption. This

expansion operates primarily through the labour market, which emerges as the central

channel of aggregate transmission. Specifically, positive AI news shocks are employment-

enhancing: they reduce unemployment while increasing wages and hours worked.

This study, and the identification of AI news shocks based on our proposed AI patent-

based series, provides useful insights into measuring the effects of anticipated future

technological developments in AI on the overall macroeconomic performance of the UK.

Future research could expand by examining the heterogeneous impacts of AI innovations

across sectors and different classes of AI technologies. As firm deployment data on AI

become available, future research will be able to provide evidence about the impact of AI

innovations as they materialize. Yet our evidence already shows that expectations about

AI can exert sizeable and positive effects.
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A Definitions of AI components

This paper considers eight broad components of AI technology following Giczy et al.

(2022): machine learning, AI hardware, natural language processing, speech recognition,

computer vision, knowledge processing, planning/control, and evolutionary computation.

A patent may belong to more than one of these categories. For example, an invention in

computer vision could utilize a machine learning method. Below, we provide a definition

for each AI technology.

1. Machine learning: Machine learning is a field concerned with the development and

study of statistical algorithms that can learn patterns from data and generalize

to previously unseen observations, enabling them to perform tasks without explicit

programming. Examples of machine learning models include decision trees, support

vector machines, and neural networks.

2. AI hardware: This field refers to computer hardware specifically designed to exe-

cute AI algorithms efficiently. For example, graphics processing units (GPUs) are

commonly used to train deep neural networks.

3. Natural Language Processing (NLP): NLP is a subfield of AI concerned with en-

abling computers to recognize, understand, and generate human language in both

text and speech. NLP is closely related to linguistics and draws on methods from

computational linguistics to model language. One of the earliest NLP programs is

ELIZA, a computer program developed to explore communication between humans

and machines.

4. Speech recognition: Speech recognition focuses on the development of method-

ologies and techniques that enable the conversion of human speech into text. For

example, the Hidden Markov Model (HMM) represents speech as a sequence of hid-

den states corresponding to phonemes and estimates the most likely word sequences

using dynamic programming algorithms.
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5. Computer vision: Computer vision is a subfield of AI that develops methods en-

abling computers and systems to interpret and process information from visual

inputs. For example, blob detection can be used to identify neighboring regions in

a digital image that differ in properties such as color.

6. Knowledge processing: This is a subfield of AI concerned with representing in-

formation in a form that enables a system to deduce new knowledge. Specialized

hardware and software are often required to process this information effectively. An

inference engine is an example of software commonly used in knowledge processing.

7. Planning and control: Planning and control refers to AI technologies focused on the

design and execution of strategies to achieve specified goals. Given an initial state,

a desired outcome, and a set of possible actions, the planning problem involves

determining a sequence of actions that ensures the desired outcome. Combinatorial

optimization techniques are often employed, particularly in environments that are

dynamically uncertain.

8. Evolutionary computation: Evolutionary computation is a family of algorithms for

global optimization that are inspired by biological evolution. An initial set of po-

tential solutions is defined and iteratively updated. In each iteration, less desirable

solutions are discarded, while small modifications are introduced to the remaining

candidates. Evolutionary algorithms include, among others, genetic algorithms and

programming, differential evolution, and neuroevolution.

ii



B Manual Classification Example

Figure A1 presents two representative examples of both AI-related and non-AI-related

patents, illustrating the criteria employed in our manual classification process.

In the Non-AI case (left; GB2429930), the independent claim describes a program

that detects sender IDs via a wireless interface and triggers predetermined game actions.

The inventive step concerns protocol-driven communication and deterministic control

flow: conditional on receipt of an identifier, the system executes fixed routines. There is

clearly no estimation or prediction from data (no learning, perception, or planning) and

no specialized AI hardware. In our terms, this is an information transmission rather than

information extraction; accordingly, it does not map to any of the eight AI components

and is classified as non-AI.

By contrast, the AI example (right; GB2207049) discloses biometric authentication

using an optical-flow sensor configured to capture time-varying skin motion, optionally

fused with EMG/proximity signals, to detect facial muscle activity. Implementing this

claim requires extracting spatiotemporal features from raw sensor data and making a

decision about an unobserved state (muscle activation) for authentication. Consequently,

this is a measurement, inference pipeline, information extraction and prediction, which

maps to computer vision and knowledge processing. Consistent with our framework, we

classify this patent as AI-related.
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Figure A1: Examples of AI and Non-AI Patent Classification

Non-AI Classification

Non-AI Example:
GB2429930: Wireless gaming character
generator
Claims: I. A program for causing a
portable computer provided with wire-
less communication section which per-
forms wireless communication accord-
ing to a specific communication stan-
dard to execute a game in which a
player enjoys collecting characters, the
program causing the computer to ex-
ecute: a reception detection step of
detecting that the wireless communi-
cation section has received a sender
ID transmitted from another commu-
nication instrument which is located in
a current wireless communication area
and performs wireless communication
...

AI Classification

AI Example:
GB2207049: User authentication using
biometric data, e.g. fingerprints, iris
scans or voiceprints.
Claims: A system for detecting facial
muscle activity comprising: wearable
apparatus comprising; an optical flow
sensor located so as to, in use when
the apparatus is worn, image an area of
skin associated with one or more facial
muscles, the optical flow sensor being
configured to capture time-varying data
describing movement of the respective
area of skin substantially in the plane
of the imaged area of skin; and an EMG
sensor and/or a proximity sensor ar-
ranged to detect the activity of a first
muscle along with the optical flow sen-
sor; and...

Note: Patent examples and their images were retrieved from EPO’s Espacenet online query database
and correspond to observations in our classification sample. The images are only used for illustratory
purposes in this study and were not employed in the classification process which relies only on textual

inputs (abstracts, descriptions, claims, etc).

C Instrument Construction
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Table A1: Regression results based on Equation 1

Variable
Baseline

(1)
Policy shocks

(2)
Et + Policy shocks

(3)
Et + Broader tech

(4)
Et + Public R&D

(5)

Intercept
-12.662***
(0.007)

1.552*
(0.0569)

-4.262
(0.554)

-3.491
(3.465)

34.314
(0.334)

AIt−1
-0.264***
(0.000)

-0.474***
(0.0000)

-0.618***
(0.000)

-0.502***
(0.110)

-0.651***
(0.000)

AIt−2
-0.042
(0.645)

-0.388***
(0.0040)

-0.559***
(0.000)

-0.366***
(0.086)

-0.520***
(0.000)

AIt−3
-0.343***
(0.002)

-0.180
(0.1519)

-0.224**
(0.013)

-0.042
(0.091)

-0.148
(0.144)

AIt−4
-0.413***
(0.000)

-0.038
(0.7618)

-0.022
(0.865)

0.008
(0.068)

0.002
(0.980)

Et[πt+1]
0.275
(0.779)

0.057
(0.974)

-0.607
(1.117)

-0.327
(0.731)

Et[πt+4]
0.569
(0.564)

3.306
(0.146)

0.939
(1.044)

1.096
(0.305)

Et[πt+8]
6.539***
(0.007)

1.889
(0.528)

2.498*
(1.496)

2.639
(0.262)

Et[Yt+1]
-0.847
(0.213)

-0.541
(0.483)

-0.065
(0.452)

-0.377
(0.491)

Et[Yt+4]
1.090**
(0.043)

0.508
(0.703)

-0.486
(0.536)

0.738
(0.332)

Et[Yt+8]
-0.612
(0.507)

-2.192
(0.236)

0.102
(0.925)

-1.872
(0.179)

monetary
-17.128
(0.5158)

-10.611
(0.736)

monetaryt−1
15.757
(0.6657)

-4.212
(0.893)

monetaryt−2
-10.720
(0.7386)

-33.053
(0.254)

fiscal
0.431**
(0.0464)

0.731**
(0.014)

fiscalt−1
0.012

(0.9759)
0.243
(0.438)

fiscalt−2
0.627

(0.1596)
0.790**
(0.048)

Non-AIt
0.943***
(0.147)

Non-AIt−1
0.437*
(0.229)

Non-AIt−2
0.256*
(0.137)

Public R&D
-0.610
(0.613)

Public R&Dt−1
0.859
(0.701)

Public R&Dt−2
-0.289
(0.788)

F-statistic 6.402*** 2.069*** 2.284*** 8.765*** 3.988***
Adjusted R2 0.348 0.134 0.229 0.499 0.277
Observations 102 70 70 102 102

Wald tests for joint significance of controls
BoE forecasts 6.120 (0.000)
Policy shocks 2.051 (0.045)
BoE forecasts + policy shocks 5.299 (0.000)
BoE forecasts + broader tech 12.001 (0.000)
BoE forecasts + public R&D 2.174 (0.031)

Notes: Regression results are based on Eq.(1). The dependent variable is AIPatentst, the annual growth
rate of all AI patent applications. BoE forecasts are for the two core macroeconomic variables included
in xt, namely GDP growth Yt and CPI inflation πt. Policy shocks include narrative monetary policy
and narrative tax changes (fiscal). Additional controls include broader technological developments, as
captured by the non-AI measure, and public R&D expenditures. Robust standard errors are reported in
parentheses. The lower panel reports Wald test statistics for the joint significance of the controls, with
associated p-values in parentheses. *, **, and *** denote statistical significance at the 10%, 5%, and 1%
levels, respectively.
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D Granger causality tests

Table A2: Instrument: Granger causality tests

Wald Test p-value Adjusted R2 N

E[πT+1], E[YT+1] 0.094 0.910 -0.017 98
E[πT+4], E[YT+4] 0.039 0.961 -0.018 98
E[πT+8], E[YT+8] 0.021 0.978 -0.018 98

Notes: The dependent variable is the residual of Eq.(1). The numbers reported are Wald test statistics

for joint significance of the BoE’s forecasts of GDP and CPI, at different horizons. All the regressions

include 4 lags of the dependent variable and a constant.

E TFP response to a non-AI technological news shock

Figure A2: TFP response to a broad technological news shock that excludes AI patents.

Note: The figure shows the response of TFP to a one standard deviation broad technological
patent-based news shock that excludes AI. The median response is depicted as dotted red line,
with shaded areas representing 68% posterior bands. The horizon is 24 quarters (6 years).
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F IRFs with Different Instruments

Figure A3: IRFs with alternative IV proxies for monetary and fiscal shocks.

Note: The figure reports IRFs identified with an IV that controls for policy shocks (fiscal and
monetary shocks). Estimation sample as in baseline, IV sample 1997Q3-2015Q1).

Figure A4: IRFs with alternative IV proxy for broader technology news shocks.

Note: The figure reports IRFs identified with an IV that controls for broader technology news
shocks. Estimation sample as in baseline, IV sample 1997Q3-2022Q4.
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Figure A5: IRFs with alternative IV proxy for public R&D allocation.

Note: The figure reports IRFs identified with an IV that controls for public R&D allocation.
Estimation sample as in baseline, IV sample 1997Q3-2022Q4.

G IRFs based on the weighted AI patent measure

Figure A6: IRFs with alternative weighted AI patents.

Note: The figure reports IRFs based on AI patent applications weighted by their forward citation
counts. Estimation sample as in baseline, IV sample 1997Q3-2022Q4.

viii



H Additional Robustness Chesks

Figure A7 reports IRFs estimated over a sample that excludes the 2008 financial crisis

(estimation sample: 1971Q1–2007Q4). The IRFs are broadly similar in the short and

medium run, though some differences emerge. The impact response of hours, output,

and investment are muted, while consumption and real wages decline. The subsequent

fall in inflation likely reflects this delayed response of output, consumption, and invest-

ment. These differences may be attributable to the limited VAR sample, as well as the

IV spanning only 1997Q3–2007Q4, compared with the baseline, which may reduce the

precision of the estimated responses. Accordingly, caution is warranted when comparing

these results with the baseline.

Additionally, we run the following three alternative specifications. First, Figure A8

reports IRFs for a proxy SVAR that includes CPI inflation instead of the GDP deflator

in (log) levels. Estimation and identification samples are the same as in the baseline.

The responses to an AIPNS are largely unchanged.

The same holds for an alternative specification in which total employment, sourced

from the ONS, replaces the unemployment rate, shown in Figure A9. Employment re-

sponds positively and significantly to the AI news shock, and the remaining responses

remain largely unchanged, reinforcing the baseline implications that the productivity-

enhancing effects of AI dominate its potential displacement effects.

Figure A10 reports the IRFs from another VAR specification where TFP is replaced

by output per worker (or average labor productivity) taken by the ONS, representing

an alternative measure of productivity (Christiansen, 2008; Neville Francis and DiCecio,

2014; Acemoglu and Restrepo, 2018b). The results are very similar, with all the responses

qualitatively matching and, in most cases, showing quantitative similarities, with those

obtained in the baseline, thereby confirming the robustness of our findings when using the

alternative productivity measure. One quantitative difference is the larger initial response

of labor productivity relative to TFP, which then gradually increases to a permanently

higher level that is about twice as high as that for TFP. This could potentially reflect

capital deepening, which is consistent with the immediate rise in investment following
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the AI news shock. This interpretation also aligns with Kurmann and Sims (2021), who

find that labor productivity increases considerably more than TFP on impact, due to

short-run capital deepening effects.

Last, we run an alternative specification where our constructed IV does not control

for expectations regarding CPI and GDP for 8 quarters ahead; specifically, forecasts for

CPI and GDP are included for horizons of 1 and 4 quarters ahead. The IRFs in A11 are

almost identical to the baseline. We also perform several robustness checks focusing on

the textual analysis stages used to construct our AI patent-based news series. Results,

not reported here for brevity but available upon request, show that the IRFs remain very

similar to our baseline findings across all cases.57

Figure A7: IRFs excluding the 2008 financial crisis.

Note: The figure shows IRFs estimated over a pre-crisis sample that excludes the 2008 financial
crisis (estimation sample 1971Q1 -2007Q4).

57Specifically, we employ the K-Nearest Neighbors (KNN) algorithm as an alternative classifier. Unlike
the NBC, KNN does not assume feature independence and can capture more complex relationships,
though at the cost of potentially excluding patents that are AI-related but not sufficiently similar to
the training data. Second, we estimate an alternative BVAR using AI patent predictions derived from
different feature selection criteria. In contrast to our baseline mutual information criterion, we test the
Gini coefficient, gain-based weighting, and symmetrical uncertainty, each emphasizing different aspects of
feature relevance. Third, we adopt a more conservative NBC classification by raising the cutoff ratio from
1 to 1.2. Finally, we experiment with alternative text-processing choices, such as using Term Frequency
(TF) instead of TF-IDF weighting and varying the number of top features selected (40 and 130 features,
versus the baseline of 105).
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Figure A8: IRFs using CPI inflation instead of GDP deflator.

Note: The figure reports IRFs that uses CPI inflation instead of GDP deflator.

Figure A9: IRFs with employment.

Note: The figure shows IRFs using the log of employment in place of the unemployment rate.
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Figure A10: IRFs with alternative productivity measure (output per worker).

Note: The figure shows IRFs using output per worker as an alternative productivity measure.

Figure A11: IRFs excluding long-horizon expectations in IV construction.

Note: The figure reports IRFs identified with an IV that does not control for beliefs regarding
CPI and GDP for 8 quarters ahead (i.e. forecast of CPI and GDP are included for h = 1, 4
quarters ahead.
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I AI Sectoral Break-down

Table A3: Distribution of AI patents across industries in the UK

Industry NACE Share of AI patents (%)
Manufacturing C 59.0
Information and communication J 25.3
Professional, scientific, and technical activities M 15.2
Wholesale and retail trade G 0.31
Electricity, gas, steam and air conditioning supply D 0.16
Education P 0.03
Transportation and Storage H 0.02
Construction F 0.02
Other – 1.1

Note: We report industries with at least one AI-related patent. Industries follow NACE Rev.
2 sections (codes A–U).
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