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Abstract 
 This paper pilots a method for measuring firms’ product and process innovation at scale. Our approach 
uses LLMs to complete a detailed innovation survey for a sample of 600,000 companies operating across 40 
countries. The preliminary results contain 6 million individual instances of innovative activity along with 
rich textual descriptions. These responses carry signal, for example a one-standard-deviation increase in a 
firm’s product innovation index is associated with a 5% higher measured TFP residual. The data reveal that 
innovation is widespread: two-fifths of companies engage in product innovation and one-quarter in process 
innovation, far exceeding the share of patenting firms. Firms are more likely to have labor-augmenting than 
labor-saving introductions, while about 14% have green product innovation and 12% have green process 
innovation. Greenness and net labor augmentation are positively associated across countries. Beyond our 
specific application, this paper illustrates the potential for using LLMs to generate survey-level insights at 
population scale. 
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1 Introduction

The rate and direction of innovative activities shape the long-run arc of human prosperity

(Acemoglu, 2002; Romer, 1990), but the measurement of innovation is itself highly contested.

These measurement challenges matter for policy-makers seeking to foster more inclusive, pro-

worker, and pro-environmental economic prosperity. In this paper, we offer an approach to the

measurement of firm-level innovative activities that can help inform both the prevalence and

the direction of innovation. At its highest aspiration, the approach we propose can deliver the

precision of a survey instrument at population scale.

Much of the prior research measures innovative activity using patent data for scale and rich

textual features (Griliches, 1990), or innovation surveys for representativeness and to cover a

broader set of activities (Mairesse & Mohnen, 2010). The former is selective in innovations and

companies that seek intellectual property protection, while the latter suffers from standard cost

burdens of collecting detailed survey responses. Our approach instead leverages AI tools to

construct the Global AI Innovation Survey (GAIIS). By combining information on real firms

with the available large-scale pretraining and reasoning capabilities of frontier large language

models (LLMs), we were able to ask the models to respond to an innovation survey on behalf

of approximately 600,000 companies across 40 countries. For each company in our sample, we

repeatedly prompt an LLM with a consistent set of questions about recently introduced products

and the adoption of any new processes in-house. This pilot exercise results in a cross-section

of nearly 6 million reported product introductions or process changes, along with rich textual

detail about each of these innovative activities.

We further classify these activities according to three features of interest to policy-makers:

green innovation (Aghion et al., 2016; Popp, 2002), and labor-saving and labor-augmenting

innovation (Acemoglu & Restrepo, 2019). Green refers to innovation related to climate miti-

gation or adaptation. Labor-saving refers to innovation that automates tasks or reduces labor

requirements, while labor-augmenting refers to innovation that complements workers or raises

their productivity. These labels are assigned to each extracted innovation using a common LLM

prompt, with details in Appendix A. These are just a few dimensions we extract.1

To assess whether the extracted measures of innovation contain any firm-level economic

signal, we merge the LLM-derived measures with balance-sheet and income statement data and

run a simple Solow-style production-function regression. This exercise follows an old tradition of

relating firm-level innovation measures to measures of a firm’s productivity (Crépon et al., 1998).

We find that these LLM-based innovation indicators carry information about firm productivity

1As part of this study, we will release a database of firm-level innovations that can be used to study a much
wider range of innovation phenomena (www.prinzproject.io/innobase).
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beyond what is captured by labor, capital, and sector and country controls. Our empirical results

show that a one-standard-deviation increase in an LLM-based product innovation indicator is

associated with about 5% higher total factor productivity, while a comparable process innovation

indicator is associated with about 2.5% higher TFP.

Our measures yield four main findings. First, LLM-based measures suggest dramatically

more innovation than patent-based measures: we find evidence of product innovation in over

40% of firms and evidence of process innovation in over 25%, compared with a patenting rate

below 4%.

Second, firms are predominantly engaged in labor-augmenting innovation. On the product

side this amounts to 24% of firms and on the process side to about 15%. The labor-saving share

is roughly one-third of the augmenting share for products and one-half for processes.

Third, like innovation overall, green innovation is under-represented by patents: fewer than

1% of firms have green (Y02) patents. Using our LLM-based innovation indicators, we find

evidence of green product innovation in 14% of firms and green process innovation in 12%.

LLM-based green firm-shares are positively correlated with green patent shares at the country,

sector, and country-sector levels.

Fourth, there is substantial variation in the augmenting bias and the greenness of innovation

across countries and sectors. On greenness, South Korea and Japan rank first and second for

green product innovation, followed by China. Saudi Arabia and South Korea lead green process

innovation. Across sectors, Software & IT comes last on net-augmenting process innovation;

even so, slightly more firms there engage in labor-augmenting than in labor-saving innovation.

The ability to identify granular instances of innovation across our sample allows us to

measure its prevalence and direction, and for the most part our findings indicate that many

of these activities have a pro-worker and pro-environmental leaning. A number of limitations

temper the optimism this might engender. First, while we measure millions of instances of

innovation, their consequences are not directly measured. Much of the discourse on the future

direction of technology is concentrated on large-scale general-purpose technologies such as

AI and robotics. Our measures are perhaps better read as the broad patterns that individual

firms are deploying at a more incremental and local scale: a revealed measure of everyday

innovation, rather than innovation in frontier scientific laboratories. Second, our approach

is heavily biased toward firms with a greater online footprint. Countries and sectors where

firms maintain less publicly accessible material may look less innovative under this lens, and

cross-country comparisons should be read accordingly.

Limitations notwithstanding, this paper offers a snapshot of the many and varied ways firms

are improving their efficiency through process innovation or creating greater value for their

customers through product innovation. While innovation is our main application, the approach
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can be used across domains where the information needed to respond to a survey is plausibly

found inside the training data of a large frontier language model.

This paper complements a long tradition of measuring innovation using patents and sur-

veys. Griliches (1990) reviews the strengths and limitations of patents as economic indicators.

Trajtenberg (1990) uses citation-weighted patent counts to measure innovation value, while Hall

et al. (2001) develop the data infrastructure for large-scale patent-citation analysis. Patent data

offer scale and rich technological detail, but exclude innovation outside the patent system.

Innovation surveys, guided by the Oslo Manual (OECD & Eurostat, 2018), cover product and

process innovation beyond patents and formal R&D. Crépon et al. (1998) link survey measures

of innovation to R&D and productivity, while Mairesse and Mohnen (2010) review their use

in econometric analysis. The World Bank Enterprise Surveys analyzed by Cirera and Maloney

(2017) show that firms reporting product or process innovation substantially outnumber those

undertaking formal R&D: among innovating firms, fewer than half, and in most countries

fewer than 30%, undertake formal R&D. Surveys such as CIS and the World Bank Enterprise

Surveys can close important coverage gaps, but are costly, infrequent, and bounded in the detail

they collect. Private surveys have also been used to study technological adoption, for example

Baksy et al. (2025) use a marketing analytics company’s private register of robot adoption. Our

approach seeks to combine survey-style measurement with broad coverage and innovation-level

textual detail.

Our classifications build on empirical work measuring the environmental and labor direction

of innovation. Popp (2002) uses patent data to study energy-saving innovation, while Aghion et

al. (2016) distinguish clean from dirty auto patents in a model of directed technical change. Our

work also connects to a larger clean-technology patenting literature which measures things like

climate-mitigation and renewable-energy related innovation across countries, industries, and

firms (Dechezleprêtre et al., 2011, 2013; Noailly, 2012; Noailly & Smeets, 2015). The task-based

framework of Acemoglu and Restrepo (2018, 2019) distinguishes technologies that substitute

labor from technologies that create or reinstate labor tasks. Empirical work operationalizes

this distinction through patent-task similarity (Webb, 2019), classifiers identifying automation

patents (Hémous et al., 2025; Mann & Püttmann, 2023), and links between patents, job tasks,

and new occupational titles (Autor et al., 2024; Kogan et al., 2023).

Other work infers technology direction from job postings, occupational task data, and ad-

ministrative data on technology adoption.2 Cirera et al. (2026) directly measure the technologies

2Some examples of such work include the use of job-posting or employee/worker-profiles (Acemoglu, Autor,
et al., 2022; Babina et al., 2024); task- or skill-based exposure measures (Brynjolfsson et al., 2018; Eloundou et al.,
2024; Felten et al., 2021; Garg et al., 2026) (and the omitted variable issues they can induce, for example Lambert
and Schindler (2026)); and administrative or official survey data on technology adoption (Acemoglu, Anderson,
et al., 2022; Aghion et al., 2025; Bessen et al., 2025).
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establishments use across business functions through establishment surveys, although their

focus is technology adoption rather than innovation. These sources are valuable, but usually

observe labor demand, occupational exposure, or selected technologies rather than broad firm-

level evidence on innovation. Our contribution is to apply common environmental and labor

classifications to a broad inventory of product and process innovations, including those outside

the patent system.

Finally, our approach relates to the use of text and LLMs for economic measurement. The text-

as-data literature develops methods for turning unstructured language into economic variables

(Gentzkow et al., 2019). Within the LLM literature, one strand uses models to annotate supplied

text (Gilardi et al., 2023; Hansen et al., 2023); another uses them as synthetic respondents,

generating answers conditional on demographic or other characteristics (Argyle et al., 2023), and

others build relational databases using LLM parsing of text (Fetzer et al., 2024; Garg & Fetzer,

2025). Related work applies this simulation approach to innovation surveys by conditioning on

firm characteristics (Park & Yang, 2026). Our aim differs: we use information associated with

specific firms, together with the knowledge encoded in an LLM, to construct inventories of their

reported product and process innovations.

These uses raise distinct measurement questions. Bisbee et al. (2024) show that matching

survey averages need not recover response variation or relationships between variables. Ludwig

et al. (2026) distinguish prediction from estimation and emphasize the need for validation data

when LLM outputs measure economic concepts. Our contribution is to apply a common survey

instrument to firm-specific information at scale, retaining innovation-level descriptions that can

be classified and linked to firm outcomes.

The rest of the paper is organized as follows. Section 2 discusses our data and measurement

infrastructure. Section 3 presents the production-function exercise. Section 4 explains how we

tag innovations as labor-augmenting, labor-saving, or green, and examines their prevalence,

variation across countries and sectors, and relationships to one another. Section 5 concludes.

2 Data and Measurement

Our register of companies comes from Moody’s ORBIS database. We start from a draw of up to

100,000 firms per country for 40 countries, restrict to firms with active status, and keep those

with the employment and fixed assets populated. This yields a core sample of about 300,000

firms. To widen coverage beyond firms with complete financials, we add an equally sized

random draw of other active Orbis firms in the same countries. The combined set covers 605,830

firms, which we call the full snapshot. The filtering approach leads to an unbalanced sample

across countries, and we do not claim that this full snapshot is a stratified sample.
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When we aggregate firm-level results to a country or sector, we report unweighted results.

For cross-country and cross-sector visualizations, we restrict to countries with 25 or more firms

in the regression sample, and to industries with at least 100 firms in the sample. We also use the

same country/sector set across the regression-sample and full-snapshot views so that the two

visualizations may be directly compared on a common subsample.

To measure innovation, we take information from each firm and prompt a frontier propri-

etary LLM repeatedly with the same set of innovation-survey-style questions, supplying each

firm’s name and country and asking it to list the products and processes the firm has recently

introduced. The model answers from what it has learned about the firm from public information

during training. Each individual introduction returned by the LLM is then classified along three

dimensions: whether it is green (related to climate-change mitigation or adaptation), whether

the labor effect is augmenting or labor-saving (or unclear), and whether the introduction is on

the product or process side. We aggregate up from each individual introduction to firm-level

binary tags: a firm is tagged as “green-product” if it has at least one green product introduction,

“augmenting-process” if it has at least one labor-augmenting process introduction, and so on.

This gives us six firm-level direction tags (green, augmenting, labor-saving, each on the product

and process side) plus the union “any green” across the two sides. Appendix A summarizes the

extraction and classification protocol.3

This approach relies on the foundation LLM having access to company information inside

its training corpus. To assess whether this imposes a strong limitation, we run a number of

benchmarking exercises. For comparison with the patent record, we use Orbis-attributed patent

counts with PATSTAT 2021 Spring as the underlying source and the firm–patent mapping coming

from OrbisIP. “Clean” patents are those in CPC class Y02 (climate-mitigation technologies).

Patent counts are stocks through approximately 2020. The LLM indicators are constructed

using the extraction protocol in Appendix A, which asks for product and process introductions

since 2015. The comparison is therefore between patent stocks and model-extracted innovation

activity, not matched-period innovation flows.4

3The prompts are in English, while the underlying training material about firms is multilingual. We do not find
systematic differences in extracted innovation incidence between English-language and non-English-language
jurisdictions of comparable Orbis coverage.

4We restore the green and total patent counts from a pre-winsorization snapshot of the Orbis-attributed counts.
Our headline analysis parquet winsorizes patent counts at the regression-sample 99th percentile, which incidentally
sets the green-count column to zero for every firm because fewer than 1% of firms have any green patent. The
pre-winsorization counts give a usable green-share measure for cross-country comparisons.
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3 Regression Analysis of Productivity Residuals

We demonstrate that the data we have collected contain an economically meaningful signal by

conducting Solow-style total-factor-productivity regressions. That is, we show that indicators

constructed from our LLM-collected innovation data are strongly related to residual variation

in firms’ revenue after controlling for inputs and granular fixed effects. We consider this a

parsimonious validation test of our approach.

To set up this test, we construct two firm-level innovation scores, one for the product side and

one for the process side. Each score answers a single question: how much of a firm’s otherwise

unexplained revenue can be predicted from the words used to describe its innovations? The

outcome we try to predict is a productivity residual. We regress log sales on log employment,

log capital, a capital-missing indicator, log(1 + official patent count), and country×NACE2

fixed effects, and keep what is left over. This residual is the portion of a firm’s revenue that its

measured inputs, its patent stock, and its country–sector cell do not account for. The predictor is

the firm’s own innovation text. We represent that text using TF-IDF (term frequency–inverse

document frequency) weighting, which we then relate to the residual via a lasso regression.

Fitting the lasso on all firms at once would undermine the test. Each firm’s own residual

would have helped choose the coefficients later used to score that same firm, so the score would

fit the outcome it is asked to explain partly by construction, and a positive correlation between

the two would be mechanical rather than informative. We therefore use K = 3 cross-fitting:

firms are split into three random folds, and each firm is scored by a lasso trained only on the

two folds that do not contain it. Every score is thus an out-of-sample prediction from a model

that never saw that firm’s sales, so any relationship we go on to document has to come from

vocabulary–productivity patterns that generalize across firms. Finally, firms for which the

LLM returned no text in a given category have a score of exactly zero by construction. In the

regressions we control for the potential selectivity of this group by including an indicator for

“has any extracted text” as an additional control variable.

In Figure 1 we plot the residualized log sales against each of our cross-fitted innovation scores.

Both panels show a positive and significant relationship. This is meaningful per se and does not

just follow by construction because the indicators were constructed on a held-out sample, so the

reported correlations relate log sales to predictions that never saw them. Appendix Figure F1

reports the fold-averaged lasso coefficients in the form of a word cloud. The terms that show up

loaded most heavily are recognizable innovation vocabulary.

Table 1 explores if each indicator holds differential information by including both simultane-

ously along with other indicators in production-function regressions. Column (1) is the non-text

baseline: log employment, log capital, the capital-missing indicator, log(1+official patent count),
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Figure 1: Stage-1 residualized log sales vs cross-fitted TF-IDF innovation score.
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Notes: Product (left) and process (right). Hex-bin density of all text-bearing firms; red line is an OLS fit with a 95%
confidence band. Stage-1 residualization regresses log sales on log employment, log capital, the capital-missing
flag, log(1 + official patent count), and country×NACE2 fixed effects.

and country×NACE2 fixed effects. Columns (2) and (3) add the cross-fitted product and pro-

cess innovation scores separately, each with its has-text indicator and the corresponding count

regressor (log(1+number of product introductions) in column (2); log(1+number of process in-

troductions) in column (3)). Column (4) includes both scores and both count regressors together.

The patent and size controls enter symmetrically in every column. Standard errors are two-way

clustered at country and NACE2.

Three patterns stand out from these results. First, we see that both the product and also

the process innovation scores hold sizable explanatory power for log sales after conditioning

on patents, firm size, and country×NACE2 fixed effects. The LLM-extracted text content is

informative about a firm’s productivity beyond standard production-function inputs. Second,

the process-score coefficient is around half the product-score coefficient in column (4), but

remains highly statistically significant. Third, the text-based scores add predictive content

beyond the official metrics of patenting intensity. Product and process scores remain positive

and precisely estimated, even after controlling for patent counts, while the patent coefficient is

positive but imprecisely estimated. In quantitative terms the results imply that a one-standard-

deviation higher measure of a firm’s product innovation score is associated with about a 5%

higher level of TFP.

An alternative check on whether the extracted product/process introductions correspond to

real activity can be found in Appendix C, which reports the results of a small audit where, for a

stratified sample of 1,200 extracted product/process innovations we attempt to corroborate our

LLM innovation data via automated live web access. That is, an agent tries to locate a public
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Table 1: Production function regressions.

(1) Baseline (2) + Prod score (3) + Proc score (4) + Both

Product innovation score (z) 0.056*** 0.053***

(0.008) (0.008)

Process innovation score (z) 0.029*** 0.024***

(0.004) (0.004)

Has any product text 0.023 0.038

(0.032) (0.039)

Has any process text −0.004 −0.010

(0.028) (0.036)

log(1 + official patent count) 0.032 0.032 0.033 0.033

(0.023) (0.022) (0.023) (0.022)

log(1 + product introductions) −0.015 −0.043

(0.046) (0.056)

log(1 + process introductions) 0.031 0.039

(0.036) (0.049)

Log employment 1.015*** 1.014*** 1.015*** 1.014***

(0.041) (0.041) (0.041) (0.041)

Log capital 0.153*** 0.152*** 0.153*** 0.152***

(0.032) (0.032) (0.032) (0.032)

Capital missing 1.578*** 1.573*** 1.576*** 1.571***

(0.348) (0.346) (0.347) (0.346)

Num.Obs. 309 222 309 222 309 222 309 222

R2 0.861 0.861 0.861 0.861

R2 Adj. 0.860 0.860 0.860 0.860

+ p <0.1, * p <0.05, ** p <0.01, *** p <0.001
Notes: The dependent variable is log revenue (log of firm sales). The sample consists of
regression-sample firms with positive sales and employment. Standard errors two-way
clustered at country and NACE2 are reported in parentheses. The product and process
innovation scores are K=3 cross-fitted TF-IDF lasso predictions of log-revenue residuals (after
partialling out the controls and fixed effects), constructed as described in Section 3. The scores
are zero by construction for firms with no extracted text in the relevant category; the has-text
indicators absorb the corresponding level shift between text-bearing and no-text firms.
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source of information supporting the innovation claim in our data. A source documenting the

specific introduction is found for around one-in-ten items. Process and product innovations can

be corroborated from publicly available web searches at roughly the same rate. The probability

of a verified online source grows with firm size, from about 7 percent among the smallest firms

to 30 percent among the larger entities. The overall corroboration rate as well as the higher

rate for larger firms might be considered low. However, we repeat the TFP residual validation

exercise for separate size groups (Appendix D) and find little difference between the size groups

in how well LLM innovation indicators relate to firm-level productivity. Hence, we conclude

that the low corroboration rate is not necessarily a sign of low quality of the extracted data. It

could in part reflect that the leading large language models had access to proprietary data in

training.5

4 Direction of Innovation

We now turn to the substantive content of the LLM extraction. We have classified each individual

introduction (innovation description) along three direction tags: green, labor-augmenting, and

labor-saving. Do those tags pick up genuine direction-of-innovation patterns or simply reflect

classifier idiosyncrasies? A useful first sanity check is to ask which words actually populate each

tag. Figure 2 reports a contrastive bigram analysis on the ∼5.9 million extracted introductions:

for each tag, we score bigrams by their log-odds-with-Dirichlet-prior z-score (Monroe et al.,

2008), which measures how distinctively a phrase appears in that tag relative to the rest of

the corpus. The top-ranked bigrams are then rendered as a word cloud with size and color

proportional to the z-score.6 The three tags read very differently. The green tag is dominated

by phrases such as “cold chain”, “waste reduction”, “electronic invoicing”, and “predictive

maintenance” — a mix of resource-efficiency and digital-process themes that aligns naturally

with what one would expect a green-classified introduction to be about. The labor-augmenting

tag features project-management, resource-planning, and training vocabulary; the labor-saving

tag features electronic invoicing, CNC machining, and workflow automation. The classifier

appears to be picking up real semantic distinctions, not noise.

5For instance, OpenAI has licensing agreements with News Corp covering current and archived content from
publications including the Wall Street Journal, Barron’s, and MarketWatch (OpenAI, 2024b); with the Financial Times
(OpenAI, 2024a); and with Axel Springer covering otherwise paid content from publications including Business
Insider and Politico (OpenAI, 2023). Archived business reporting of this kind is likely to be particularly informative
about individual firms while remaining gated to a public web search.

6We make an anonymized version of the full database of all extracted product and process introductions
available at www.prinzproject.io/innobase. This is still an early-stage beta, and we plan to continue to refine and
improve the product in due course.
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Figure 2: Contrastive bigrams characterizing the three innovation-themes.
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With the tag content sanity-checked, Figure 3 reports the headline composition of firm-level

direction tags. The figure has three panels: (i) product, (ii) process, and (iii) patents, which

reports the share of firms linked to patents. Within each panel, a faded bar shows the common

regression-sample share, and the solid bar reports the shares from the full-snapshot of companies

in our pilot study. This shows a rather minor gap of less than half a percentage point in most

cases. That said, the regression sample displays systematically a larger (or exactly equal) share

across categories. This is not surprising as the regression sample will be skewed to larger

companies. However, we tentatively conclude from this comparison that our LLM approach

might be able to capture reliable information about companies that are less well represented in

conventional datasets.7

By contrast, the gap between the LLM-based and patent-based view of innovation is sizable,

with roughly 40% of firms having at least one product introduction and over 25% having at least

one extracted process introduction, against the share of patenting firms below 4%. Within the

LLM-based tags, augmenting introductions are the most common direction tag on both sides. In

the full snapshot, the labor-saving firm-share is roughly one-third of the augmenting share for

products and one-half for processes. Green tags cover about 14% of firms on the product side

and 12% on the process side.

Figure 3: Share of firms carrying each direction tag.
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Notes: The figure has three panels: “Product” (left) reports the share of firms with any extracted product introduc-
tion (“Any LLM innov”) alongside the share with a labor-augmenting, labor-saving, or green product introduction;
“Process” (middle) reports the corresponding shares on the process side; “Patents” (right, narrower) reports the
firm-level share with any official Orbis-attributed patent (“Any patent”) and the share with at least one “clean”
patent (CPC class Y02, climate-mitigation technologies). Within each tag, the faded bar is the regression sample
(309k firms with required financials) and the solid bar is the full 605k snapshot. Both samples include firms with no
extracted text. Differences between the bars reflect differences in sample composition.

7A potentially interesting exercise we have left for future research is to try to recover basic information about
these firms such as size classifications — e.g. an SME indicator — or ownership types.
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Does the direction of innovation vary systematically across countries? Figure 4 plots, for

each country, the share of firms with at least one green introduction (x-axis) against the net-labor

direction — the difference between the augmenting and the labor-saving firm-shares (y-axis) —

separately for product introductions (left) and process introductions (right). The sample is the

full 605k snapshot, and dot size is total firm count in the country.

Figure 4: Direction of innovation: green firm-share vs net-labor direction (augmenting − saving),
product (left) and process (right).
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Notes: Full 605k snapshot. Country labels use full names; red line is an OLS fit with shaded 95% confidence band.
Each dot is a country. The x-axis is the share of firms with at least one extracted green product (left) or process
(right) introduction. The y-axis is the difference between the augmenting-firm share and the labor-saving-firm
share, where “augmenting” and “labor-saving” are LLM-classifier tags applied to each extracted introduction and
aggregated to firm level (the firm carries a tag if it has at least one such introduction). Sample restricted to countries
with at least 25 firms in the regression sample. Firms with no extracted text are included in the denominator and
contribute zeros to the numerator.

Three patterns emerge. First, there is substantial cross-country variation in green firm-shares.

Second, the cross-country relationship between greenness and net-labor direction is positive in

both panels — countries with greener product or process introductions also tilt their innovation

toward labor-augmenting activities on net. Third, the relationship is tighter on the process

side than on the product side. The fact that greenness and labor-augmentation co-move at

the country level is, to us, a non-obvious finding; it suggests that the same kinds of firms (or

country-level innovation environments) that lean toward climate-relevant innovation also lean

toward complementing rather than displacing labor. For comparability, Figure 5 reports the

same scatter on the 309k regression-sample firms; the positive relationship is also visible in the

regression sample.
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Figure 5: Direction of innovation: green firm-share vs net-labor direction (augmenting − saving),
regression sample.
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The x-axis is the share of regression-sample firms with at least one extracted green product or process introduction.
The y-axis is the difference between the share of firms with a labor-augmenting introduction and the share with a
labor-saving introduction. The introduction-level tags are aggregated to the firm level, with a firm carrying a tag if
it has at least one introduction assigned that tag. The sample comprises approximately 309k firms with the required
financial fields and is restricted to countries with at least 25 such firms. Firms with no extracted text remain in the
denominator and contribute zeros to the relevant numerators. Country labels use full names; the red line is an OLS
fit with a shaded 95% confidence band.
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The scatter plot is informative about the cross-country relationship but masks who actually

sits at each end of the distribution. Figures 6 and 7 report top-10 / bottom-10 horizontal bar

rankings of countries and NACE2 sectors on the net-augmenting firm-share and on the green

firm-share respectively. Each figure has four subpanels: countries on the top row, NACE2

sectors on the bottom row; product introductions on the left, process introductions on the right.8

South Korea and Japan lead green product innovation in the full snapshot, followed by China.

Saudi Arabia and South Korea lead green process innovation. On the labor-direction side,

Software & IT predictably comes last among sectors on net-augmenting process innovation —

perhaps unsurprising given how much of recent process innovation in software is precisely

about automating workflows — but, importantly, even there the firm-share engaged in labor-

augmenting innovation slightly exceeds the firm-share engaged in labor-saving innovation. The

country and sector sets are the same ones used in the body-text scatter plots: 40 countries with

at least 25 firms in the regression sample and 86 NACE2 sectors with at least 100 firms in the

regression sample.

How much of the cross-country variation in Figures 6 and 7 reflects sectoral composition

rather than within-sector country differences? Sector fixed effects explain more cross-firm varia-

tion than country fixed effects for every direction tag, with the gap largest on green-product (3.5

versus 0.8 percent) and smallest on augmenting-process (0.6 versus 0.5 percent), matching the

wider dispersion of the sector panels (Appendix Table J1). The country rankings themselves are

nonetheless stable under sector adjustment.9 The largest adjustments hit industrial economies

whose green and labor-saving tags partly reflect their sectoral mix, with Korea, Japan, Iran,

Saudi Arabia, and Turkey appearing repeatedly among the countries most affected by sectoral

composition.

8All rankings are computed on the full 605k snapshot.
9Spearman rank correlations between raw and sector-adjusted country shares run from 0.89 on green-product to

0.995 on augmenting-process; see Appendix Figure J1.
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Figure 6: Top 10 and bottom 10 countries (top) and NACE2 sectors (bottom) by the net labor
augmenting–saving firm-share difference.
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Figure 7: Top 10 and bottom 10 countries (top) and NACE2 sectors (bottom) by the green innovation
firm-share
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4.1 Augmenting vs Labor-Saving

The net-labor measure used so far compresses two underlying shares into a single difference,

which is convenient for visualizing directional patterns but can hide what is happening to

each component on its own. Figure 8 unpacks the difference by plotting the augmenting firm-

share against the labor-saving firm-share directly, with a 45-degree reference line indicating

equality between the two. Two patterns are visible. First, the two shares co-vary strongly

across countries on the product side and even more strongly on the process side: countries that

innovate a lot tend to do so on both sides of the labor-direction divide, not exclusively in one.

Second, however, the OLS fit lies almost everywhere below the 45-degree line, and the gap

is widest at high innovation intensities. Countries with the highest augmenting-share have a

substantially smaller labor-saving-share. This is the cross-country counterpart of the headline

result in Figure 3: labor-augmenting innovation dominates labor-saving innovation, and the

dominance is more pronounced precisely where overall innovation intensity is highest.

Figure 8: Augmenting vs labor-saving firm-shares by country, product (left) and process (right).
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Notes: Full 605k snapshot. The dotted line is 45-degree equality; the red line is an OLS fit with a 95% confidence
band. Each dot is a country. Augmenting and labor-saving firm-shares come from the LLM classifier’s labor-effect
label applied to each extracted introduction, aggregated to firm-level tags. Sample restricted to countries with at
least 25 firms in the regression sample. Firms with no extracted text are included in the denominator and contribute
zero to both numerators.

A useful external check comes from the Global Automation Atlas (Garg et al., 2026), which

uses task-level assessments to construct country–industry measures of the balance between

technology that augments labor and technology that substitutes for it. The Atlas therefore mea-

sures the same economic direction as our labor labels, but from a different unit of observation:
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tasks rather than model-reported product and process introductions. After aligning country

coverage and industry classifications, its augmentation-minus-substitution index has a Spear-

man rank correlation of 0.58 with our net labor-direction measure across 78 two-digit industries

(p < 0.001); the relationship remains positive for product and process introductions separately

and at finer industry definitions (Appendix B). This confirms that the industry patterns in our

measure capture labor direction rather than terminology specific to firm announcements; it does

not imply equal levels across the two measures or validate individual labels.

4.2 Greenness in the LLM Extraction vs Greenness in Patents

A central motivation of this paper is that patents capture only a small fraction of innovation

activity. However, does this necessarily imply that patent-derived indicators are misleading for

instance when assessing the direction of innovation at the level of countries? We explore this in

Figure 9 plotting, for each country, the share of firms with at least one green product or process

introduction (x-axis) against the country’s green patent share, defined as CPC Y02 patents over

total patents (y-axis). The two panels report the same scatter on the regression sample (left) and

the full snapshot (right); the country set is identical across the two panels.

We find a positive and statistically significant relationship. Repeating the exercise at the

sector and country-by-sector levels (Appendix Figures H5 and I5) leads to the same outcome

suggesting the conclusion that patent analysis can provide an indication of innovation direction

that is relevant beyond the sample of patenting firms.
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Figure 9: Green firm-share vs green patent share by country.
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Notes: Green firm-share covers any green product or process introduction. The regression sample appears on the
left and the full 605k snapshot on the right. Patent counts are the un-winsorized stocks from Orbis (firm-patent
mapping via OrbisIP, PATSTAT 2021 Spring). The dotted line marks numerical equality between shares with
different denominators; it is not an equal-incidence benchmark. The red line is an OLS fit with a 95% confidence
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patents and at least 25 firms in the regression sample.
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4.3 Cross-Sample Robustness

We have shown several patterns by reporting the regression sample and the full snapshot side by

side, finding consistent patterns. A remaining question is if the coherence between the samples

extends to lower levels of aggregation such as individual countries.

We explore this by plotting country-level indicators from both samples against each other.

Figure 10 reports the share of firms with green innovation and Figure 11 the difference between

firms with augmenting and labor-saving innovations. In both cases we find a strong positive

correlation with some heterogeneity in either direction.

Figure 10: Cross-sample comparison of green firm-shares.
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A related concern is that the uneven country counts, rather than genuine cross-country

variation, drive the direction results, since a few countries contribute far more firms than others.

To check this we cap the sample at 20,000 firms per country, drawing at random within each

country above the cap and keeping smaller countries in full. The cap binds for nine countries and

retains about 538,000 of the 605,000 firms, so it removes the most extreme over-weighting while

staying close to the original sample. The results are essentially unchanged. Headline direction

shares move by less than half a percentage point; the production-function score coefficients stay

positive and significant and shrink only modestly, from 0.053 to 0.052 on the product side and

from 0.024 to 0.022 on the process side; the country-level green-versus-green-patent relationship

remains positive and significant in both the regression sample and the full snapshot; and country
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Figure 11: Cross-sample comparison of augmenting–saving firm-shares.
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rankings are almost perfectly preserved, with rank correlations of at least 0.999. A more stringent

cap at 10,000 firms per country leaves the signs and the main patterns intact but shrinks the

validation coefficients by roughly a fifth and renders the full-snapshot country green-patent

correlation insignificant, so we treat the 10,000 cap as a stress test and the 20,000 cap as the more

representative robustness check. Appendix E reports the full baseline-versus-cap comparison.

5 Conclusion

In this pilot study, we set out to measure the prevalence and direction of innovation at the

firm level for a much broader sample of firms and countries than patent or survey data alone

permit. We do so by prompting an LLM with questions similar to what would be queried with

employees of a firm in an innovation survey. If the LLM’s training data includes information

about the firm, this prompting provides us with a channel to access and structure the training

data information. The concern could be that the responses are generic, based on the industry of

the firm rather than the firm itself, or that answers could entirely be hallucinated.

To address this we show that the LLM-derived data includes an information signal at the firm

level by linking the LLM-derived innovation indicators to independently obtained performance

data of these companies and showing a statistically significant and economically meaningful
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association even after stripping out sector and country effects. We then draw three substantive

findings on the innovation behavior of the firms in the sample.

First, LLM-based measures detect substantially more innovation than patent-based indicators.

We find evidence of product innovation in more than 40% of firms in our sample and process

innovation in more than 25%, compared with patent incidence below 4%. The same gap appears

for green innovation: about 14% of firms have a green product introduction, compared with

fewer than 1% holding a green patent. Second, firms are predominantly engaged in labor-

augmenting rather than labor-saving innovation. This is true on both the product and process

sides and, with limited exceptions, across countries and sectors. Third, there is substantial cross-

country and cross-sector heterogeneity. Some of this variation accords with prior expectations—

Korea and Japan are among the greenest economies, while Software & IT ranks lowest on

net-augmenting process innovation—while other patterns are less obvious, most notably the

systematic co-movement of greenness and labor augmentation across countries.

The predominance of labor-augmenting innovation is relevant to debates about technological

displacement, but it does not necessarily establish the distributional consequences of innovation.

Those consequences depend on the economic importance of particular innovations, the firms

that develop and adopt them, and how the resulting productivity gains are shared. Our con-

tribution is to make the direction of innovation visible across a much broader set of firms and

activities than patent data alone can capture. The exercise shows that LLMs can recover econom-

ically meaningful firm-level information at scale and can potentially complement conventional

innovation surveys as AI models and underlying information environments evolve.

Several caveats are important. First, our sample is not representative of the underlying

population of firms, particularly informal and micro-enterprises. Second, the quality of the LLM

responses is constrained both by the information contained in the model’s training data and by

the model’s ability to recover relevant firm-specific facts from its internal representations. Future

work will aim to augment our sample with human evaluation. Third, our analysis gives equal

weight to firms and to individual innovations. The resulting measures therefore speak primarily

to the prevalence and direction of innovative activity across firms, rather than to the economic

importance of the technologies themselves. A widely diffused incremental improvement and a

transformative general-purpose technology each enter our count-based measures as instances

of innovation, even though their aggregate consequences may differ enormously. Our results

should therefore be read as a broad picture of the direction of everyday firm-level innovation

rather than as a measure of the technological frontier.

The last caveat is that our pilot study produces a single cross-section of innovation activities.

We plan to extend the approach over time, allowing us to build a time series of firm-level

innovation indicators. This would also support analysis of policy and economic shocks. To
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date, our pilot suggests that LLM-based measurement can provide a useful complement to

existing data on the rate and direction of innovation. We believe such an approach will prove

valuable across many contexts where detailed measurement akin to surveys is harder to collect,

but where large foundation models have plausibly been exposed to rich information on the

respondents of interest.
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ONLINE APPENDIX



A LLM extraction and direction classification protocol

This appendix summarizes how we turn public firm information into the product, process,
green, labor-augmenting, and labor-saving measures used in the paper. The same procedure is
applied to every firm.

For each firm, we prompt gpt-5-mini with the firm’s name and country and ask it to identify
products and processes the firm has introduced since 2015. These two fields are the model’s
only input: we supply no retrieved web text, no website content, and no Orbis attributes. The
model’s response therefore reflects what it has learned about the firm from public information
during training, conditional on the name and country provided.

The extraction prompt asks the model to identify concrete product and process introductions
and to avoid generic inference from the firm’s industry. The core instruction is:

Read the information about the firm. Identify products and processes that the firm has

recently introduced, launched, adopted, or substantially upgraded. Return only concrete

introductions supported by the supplied information. Do not infer innovations from the

firm’s industry alone. Separate products from processes. For each item, provide a short

description, and the introduction year if available.

The model returns a structured record with separate product and process entries. The main
fields are:

Field Description

name Official product or service name (proper noun).
general_description Concise, info-dense description of the introduction; brand-

agnostic.
release_year Introduction or release year (YYYY, 2015 onward; NA if unknown).

Firm-level fields:
sector Short sector label (2–5 words), e.g. “consumer electronics”.
employees_last_known Bucket: 1-5, 6-20, 21-100, 101+, or NA.
hq_city Primary city where the firm is headquartered.

We classify an item as a product introduction when it is a new or substantially upgraded
good or service offered by the firm. We classify an item as a process introduction when it is a new
or substantially upgraded production, logistics, delivery, digital, or internal operating process
used by the firm. Malformed records and duplicate records are removed in post-processing.

Each extracted introduction is then classified along the direction dimensions used in the
paper. The core classification instruction is:
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Classify the introduction along the following dimensions. First, is it green, meaning re-

lated to climate-change mitigation or adaptation, energy efficiency, emissions reduction,

renewable energy, recycling, or related environmental objectives? Second, what is its likely

labor direction: labor-saving, labor-augmenting, or unclear? Use labor-saving when the

introduction substitutes for labor, automates tasks, reduces labor requirements, or replaces

worker activities. Use labor-augmenting when the introduction complements workers, raises

worker productivity, improves decision-making, creates new tasks, or expands the scope

or quality of work performed by labor. Use unclear when the description does not provide

enough evidence.

The classification output is:

Field Allowed values / description

green Yes, no, or unclear.
labor_direction Labor-augmenting, labor-saving, or unclear.
classification_reason Short explanation for the assigned labels.

The main analysis aggregates these introduction-level records to firm-level indicators. A
firm is coded as having green product innovation if at least one extracted product introduction
is classified as green. A firm is coded as having labor-augmenting process innovation if at least
one extracted process introduction is classified as labor-augmenting. We construct the same
indicators for green, labor-augmenting, and labor-saving introductions separately for products
and processes. Country, sector, and country-by-sector measures are firm-weighted shares of
firms carrying each tag.

Firms with no extracted introduction are treated as zeros in the firm-share measures. These
zeros mean that the model returned no relevant introduction under this protocol. They should
not be read as definitive evidence that the firm undertook no innovation of any kind.

B External benchmark for labor direction

This appendix compares the labor direction implied by the extracted firm-level innovation
records with the task-based augmentation–substitution measure in the Global Automation Atlas
(Garg et al., 2026). The two measures are constructed from different underlying information
and have different numerical scales: our measure records whether firms have at least one
product or process introduction classified as labor-augmenting or labor-saving, whereas the
Atlas aggregates task-level assessments. The exercise therefore compares industry rankings, not
levels.

We map the firms’ NACE4 industries to ISIC4 and retain country–industry cells observed
in both sources. For each firm, the primary direction measure is an indicator for at least one
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labor-augmenting product or process minus an indicator for at least one labor-saving product or
process. The Atlas counterpart is its weighted augmentation share minus weighted substitution
share. Both measures are averaged over the same matched country–ISIC4 firm observations and
then collapsed to the stated industry level; every matched firm receives equal weight. We retain
industries represented by at least 200 firms.

Figure B1 displays the two-digit comparison. Industries that rank as more augmentation-
oriented in the Atlas also rank as more labor-augmenting in the firm-level innovation data.
Table B1 shows that this association is positive for product and process introductions separately
and remains positive at finer industry definitions. This is convergent evidence across a firm-
announcement measure and a task-based benchmark; it neither compares their levels nor
validates individual labels.

Figure B1: Industry rankings of net labor direction.
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Notes: Each dot is a two-digit industry. The horizontal axis ranks industries by the Automation Atlas task-based
augmentation-minus-substitution measure; the vertical axis ranks them by the corresponding firm-level product-
or-process measure. The black line is an unweighted linear fit shown only as a visual guide. The Spearman statistic
compares ranks because the two measures have different scales.
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Table B1: Convergent comparison of labor direction with Automation Atlas.

Industry detail Industries Product Process Any product or process

2-digit 78 0.52 0.36 0.58
3-digit 184 0.47 0.30 0.52
4-digit 270 0.40 0.29 0.45

Notes: Entries are Spearman rank correlations between the firm-level net labor-direction measure and Automation
Atlas’s task-based augmentation-minus-substitution measure. The product and process columns use the corre-
sponding firm tags. The final column assigns each firm its product-or-process union. Both measures are aggregated
over the same matched country–ISIC4 firm observations before collapse to the stated ISIC industry detail; cells with
fewer than 200 firms are excluded. All reported correlations are positive and statistically significant at the 1% level.

C External verification of extracted introductions against public

web sources

This appendix examines the extent to which the extracted introductions can be corroborated in
publicly available web sources, and where such corroborating evidence is located. We audit a
sample of 1,200 extracted introductions (product and process), stratified by innovation direction
and weighted toward small firms in line with the underlying sample. For each introduction, a
language model with web-search access attempts to locate a public web page that documents
the specific introduction. The audit is conducted twice over the same items, under two mutually
exclusive source restrictions: in the first arm the model may cite only the firm’s own website;
in the second it may cite only third-party sources, with the firm’s own site excluded. An
automated compliance check, based on the firm’s Orbis-recorded web domain together with a
firm-name heuristic, indicates that the restrictions were respected in 96% of website-arm and
97% of third-party-arm verifications, so the two channels can be compared symmetrically.

We classify an introduction as verified when the located page describes the named product
or process, whether with its introduction year, without a year, or in reworded form. A page that
confirms only that the firm exists and operates in the stated area does not meet this standard;
we report this weaker existence-level corroboration separately.

Table C1 reports the results. Three findings emerge. First, 9.7% of the audited introductions
can be matched to a public page documenting the specific product or process. Second, the
firm’s own website and third-party sources corroborate at nearly identical rates (6.2% and 6.4%)
but exhibit limited overlap: of the 116 verified introductions, 39 are documented only on the
firm’s own site, 41 only in third-party sources, and 36 in both. The two channels are therefore
complementary rather than substitutable — restricting the search to either channel alone would
omit roughly one third of the publicly verifiable introductions, which implies in particular that
a verification strategy confined to company websites would capture only part of the available
evidence. Third, corroborating the firm’s existence and field of activity is substantially more
common than corroborating the specific introduction (32.5% of items via third-party directories
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Table C1: Verification of extracted introductions against public web sources, by channel.

Items Share of sample

Specific introduction documented (N = 1,200):
Firm’s own website 75 6.2%
Third-party sources 77 6.4%
Either channel 116 9.7%

Decomposition of the 116 verified items:
Firm website only 39 3.2%
Both channels 36 3.0%
Third-party only 41 3.4%

Memo: firm existence confirmed (weaker standard):
Firm’s own website 10.4%
Third-party sources 32.5%

Notes: “Specific introduction documented” pools exact (item and year), item-without-year, and reworded matches
to the named product or process. “Firm existence confirmed” means the source confirms the firm operates in the
stated area without documenting the specific introduction; it is dominated by business directories and company
registries. Each restricted arm is run over the same 1,200 items; compliance with the source restriction is 96–97%.

and registries, against 9.7% for the introduction itself). The two constitute different evidentiary
standards, and only the latter bears on the content of the extracted measure.

Table C2: Specific-introduction verification by firm size.

Employee band Items Verified (either channel)

1–5 employees 685 6.6%
6–20 employees 236 10.6%
21–100 employees 130 16.9%
101–1,000 employees 54 29.6%

Notes: Verification to the specific introduction, either channel, by Orbis employee band; 95 items without an
employee bucket are omitted. Under the weaker any-source standard (including existence-only confirmation), the
corresponding rates are 28.3%, 40.7%, 42.3%, and 61.1%.

Verification rates increase strongly with firm size (Table C2), from 6.6% among firms with
at most five employees to 29.6% in the 101–1,000 employee band, consistent with larger firms
maintaining a more extensive public web presence. Rates are similarly higher in countries with
denser firm-level web coverage: under the weaker any-source standard, third-party corrobora-
tion falls from 38.6% in high-coverage countries to 20.7% in low-coverage ones, and own-website
corroboration from 13.6% to 4.5%. Non-verification is more common among small firms, a
pattern consistent with limited public visibility; the audit does not establish why any particular
introduction could not be corroborated.

Table C3 reports the distribution of source types among verified introductions. On the
firm’s own website, corroboration is drawn from general, product, service, and press pages;
among third-party sources, trade and news coverage accounts for the largest share, followed
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Table C3: Source types among verified introductions, by channel.

Firm’s own website (75) Third-party sources (77)

General firm website page 63 Trade / news article 40
Service / solution page 5 Business directory 19
Product page 5 Marketplace / listing 8
Press / news page 2 Press release (wire) 4

LinkedIn 4
Review / software platform 2

Notes: Source-type counts among introductions verified to the specific item, by channel. Counts sum to the channel
totals in Table C1.

by business directories, marketplace listings, wire press releases, and professional networking
pages. Table C4 presents illustrative verified introductions from each channel, with links to the
documenting pages.

Table C4: Examples of extracted introductions verified in public sources.

Firm (country) Extracted introduction (year) Source

Verified on the firm’s own website:
Siemens Limited (India) Product: metro and rail signaling packages, CBTC and

interlocking (2016)
press.siemens.com

Hewlett-Packard Norge
AS (Norway)

Product: HP Spectre laptop family (2015) hp.com

Blazeclan Europe (Bel-
gium)

Process: FinOps cost governance (2020) blazeclan.com

Brabender GmbH (Ger-
many)

Product: liquid elastomeric waterproofing system (2023) brabender-gmbh.de

Verified in third-party sources:
Motocaddy EMEA
GmbH (Germany)

Product: M Series electric trolley range (2021) golfmonthly.com

H&M Hennes & Mauritz
S.A. (Greece)

Process: supplier sustainability audit program (2016) sciencebasedtargets.org

UAB Nord Robotics
(Lithuania)

Product: Nord Robotics palletizing system (2016) linkedin.com

Advanced Accelerator
Applications (Portugal)

Product: Lutetium Lu 177 peptide receptor radionuclide
therapy (2018)

globenewswire.com

Notes: Each row is an extracted introduction matched to a public page documenting the specific product or
process; the source column links to the documenting page. The examples span the full firm-size range of the audit
sample, from the 1–5 to the 101–1,000 employee band. Years are those returned by the extraction and are not
independently corroborated in every case. Some linked sources document activity at the corporate-group level
rather than establishing its attribution to the specific local legal entity.

We interpret the 9.7% verification rate as the share of audited introductions corroborated
under the stated search protocol, rather than as an estimate of extraction accuracy. Failure to
locate a supporting source does not by itself establish that an introduction is false. The audit
does not establish the accuracy of the unverified records.

Three limitations should be noted. First, the sample is stratified by innovation direction
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and caps each country’s share, so it is not a random draw from the firm population, and the
country gradient in particular is shaped by that cap. Firm size, by contrast, is not balanced
across cells, so the steep size gradient reflects real differences across the firms we study rather
than an artifact of the sampling. Second, the audit does not include an unrestricted search arm:
an earlier unrestricted run used a lighter search budget and is not depth-comparable to the two
restricted arms, so the union of the two restricted channels is the appropriate benchmark for an
unrestricted search. Third, verification measures public-web visibility rather than the veracity
of the underlying introduction.

A final remark concerns the interpretation of the unverified majority. The audit searches
the publicly accessible web and therefore cannot reach relevant reporting that is paywalled,
no longer indexed, or otherwise unavailable through public search. Publisher agreements also
show that model developers license non-public content. OpenAI, for example, has agreements
with News Corp covering current and archived content from publications including the Wall
Street Journal, Barron’s, and MarketWatch (OpenAI, 2024b); with the Financial Times to provide
attributed content in ChatGPT and help improve model usefulness (OpenAI, 2024a); and
with Axel Springer covering publications including Business Insider and Politico, including
otherwise paid content (OpenAI, 2023). These agreements do not establish whether any such
material entered the model used in this study or identify the source of any particular extracted
introduction. They do, however, reinforce the narrower point that failure to find a public-web
source should not be interpreted as evidence that an introduction is false.

D Production function regressions by firm size

The external-verification audit in Appendix C finds that public corroboration of the extracted
introductions is scarcest among small firms. A natural concern is that the production-function
evidence in Section 3 might likewise be driven by large, web-visible firms. This appendix
addresses that concern by re-estimating the full specification of Table 1, column (4) — both
innovation scores, both introduction-count regressors, the patent, size, and capital controls, and
country×NACE2 fixed effects — separately for firms below and at or above 20 employees. The
innovation scores remain the cross-fitted TF-IDF predictions trained on the pooled sample and
are held fixed across the size-specific regressions. The two reported size-specific estimation
samples together contain 310 fewer observations than the pooled regression. Column (1) of
Table D1 reproduces the pooled column-(4) estimates for reference.

The association between the extracted innovation scores and revenue is essentially invariant
to firm size. The product-score coefficient is 0.053 in the pooled sample, 0.053 among firms
with fewer than 20 employees, and 0.047 among firms with at least 20; the corresponding
process-score coefficients are 0.024, 0.023, and 0.021, and all six estimates are significant at the
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Table D1: Production function regressions by firm size.

(1) Pooled (2) Employment < 20 (3) Employment ≥ 20

Product innovation score (z) 0.053*** 0.053*** 0.047***

(0.008) (0.009) (0.004)

Process innovation score (z) 0.024*** 0.023*** 0.021***

(0.004) (0.004) (0.004)

Has any product text 0.038 0.040 0.042

(0.039) (0.041) (0.037)

Has any process text −0.010 −0.002 −0.011

(0.036) (0.043) (0.042)

log(1 + official patent count) 0.033 0.101** 0.059*

(0.022) (0.030) (0.023)

log(1 + product introductions) −0.043 −0.038 −0.103+

(0.056) (0.057) (0.057)

log(1 + process introductions) 0.039 0.035 0.002

(0.049) (0.057) (0.068)

Log employment 1.014*** 0.997*** 0.927***

(0.041) (0.062) (0.053)

Log capital 0.152*** 0.248*** 0.237***

(0.032) (0.050) (0.047)

Capital missing 1.571*** 2.585*** 3.657***

(0.346) (0.507) (0.752)

Num.Obs. 309 222 249 627 59 285

R2 0.861 0.806 0.907

R2 Adj. 0.860 0.804 0.904

+ p <0.1, * p <0.05, ** p <0.01, *** p <0.001
Notes: The dependent variable is log revenue. The table uses shared full-sample scores. Col-
umn (1) reproduces column (4) of Table 1; columns (2) and (3) estimate the same specification
on firms below and at-or-above 20 employees. Standard errors two-way clustered at country
and NACE2 are reported in parentheses. The product and process innovation scores are the
K=3 cross-fitted TF-IDF lasso predictions trained on the pooled sample (identical to Table 1);
the two reported size-specific estimation samples together contain 310 fewer observations
than the pooled regression.
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0.1% level. Since firms below 20 employees account for roughly four fifths of the regression
sample (249,627 of 309,222 firms), the pooled association cannot be attributed to a large-firm
subsample. The patent coefficient, by contrast, is more sensitive to the split and is estimated
imprecisely in the pooled specification. These estimates show that the association between the
innovation scores and revenue is also present among small firms. They do not establish the
accuracy of individual extracted introductions or explain why particular items could not be
corroborated in the web audit.

E Country-cap robustness

The country counts in the full snapshot are uneven, because the active-status and financial
filters were applied after the initial per-country draw (Section 2). This appendix asks whether
the direction results are driven by the over-represented countries. We re-run the analysis on
two capped samples that keep at most 20,000 and at most 10,000 firms per country, drawing at
random within countries above the cap and keeping smaller countries in full. The 20,000-firm
cap binds for nine countries and retains 538,000 of the 605,000 firms. The 10,000-firm cap is more
aggressive: it binds for 27 countries and retains 382,000 firms. Table E1 compares both caps with
the baseline across sample composition, headline shares, the production function validation, the
country- and sector-level relationships, and country rankings.

The results are stable under both caps. Headline firm-shares move by less than half a
percentage point, country rankings are almost perfectly preserved, and the production function
score coefficients stay positive and significant, shrinking modestly under the 20,000-firm cap
and by about a fifth under the more aggressive 10,000-firm cap. The direction relationships keep
their signs and significance throughout, with one exception: the country-level full-snapshot
relationship between LLM greenness and green patenting is significant in the baseline and the
20,000-firm cap but not in the 10,000-firm cap. That same relationship remains significant in the
regression sample and at the sector and country×sector levels, so the broader patent comparison
is not fragile. We read the 20,000-firm cap as the more representative check and the 10,000-firm
cap as a stress test.

37



Table E1: Country-cap robustness: baseline sample versus 20,000- and 10,000-firm per-country caps.

Baseline 20k cap 10k cap

Panel A. Sample composition
Full snapshot (firms) 605,830 537,940 381,914
Countries above the cap 0 9 27
Largest single-country count 51,877 20,000 10,000

Panel B. Headline firm-shares, full snapshot (%)
Product, any introduction 43.67 43.80 43.71
Product, augmenting 24.60 24.68 24.68
Product, labor-saving 8.04 8.07 7.98
Product, green 14.11 14.20 13.95
Process, any introduction 26.29 26.36 26.28
Process, augmenting 15.46 15.51 15.42
Process, labor-saving 7.63 7.64 7.59
Process, green 11.63 11.66 11.57
Any patent 1.98 2.14 2.04
Clean (Y02) patent 0.40 0.45 0.42

Panel C. Production-function validation (both-score specification)
Product innovation score (z) 0.053∗∗∗ 0.052∗∗∗ 0.041∗∗∗

(0.008) (0.009) (0.008)
Process innovation score (z) 0.024∗∗∗ 0.022∗∗∗ 0.019∗∗∗

(0.004) (0.004) (0.003)

Panel D. Country- and sector-level relationships (OLS slope)
Green vs. net-augmenting: process, full 0.595∗∗∗ 0.592∗∗∗ 0.626∗∗∗

Augmenting vs. saving: process, full 0.426∗∗∗ 0.427∗∗∗ 0.414∗∗∗

Green vs. green patent: country, regression 0.278∗ 0.280∗ 0.299∗

Green vs. green patent: country, full 0.322∗ 0.321∗ 0.281
Green vs. green patent: sector, full 0.596∗∗∗ 0.591∗∗∗ 0.594∗∗∗

Green vs. green patent: country×sector, full 0.179∗∗∗ 0.193∗∗∗ 0.186∗∗

Panel E. Country ranking stability (correlation with baseline)
Green product firm-share — 0.9999 0.9987
Green process firm-share — 0.9998 0.9989
Product net-augmenting share — 0.9996 0.9944
Process net-augmenting share — 0.9990 0.9952

Notes: Each cap keeps at most the stated number of firms per country, drawing at random within countries above
the cap (fixed seed) and keeping smaller countries in full. Panel C reports the product and process innovation-score
coefficients from the both-score production-function specification (column (4) of Table 1), with standard errors
two-way clustered on country and NACE2 in parentheses. Panel D reports the OLS slopes behind the country- and
sector-level direction figures. Panel E reports correlations of country firm-shares between each capped sample and
the baseline on the common country set. Across both caps the headline shares, the validation coefficients, and the
direction and ranking results are stable; the single exception is the country-level full-snapshot green-versus-green-
patent slope, which is significant in the baseline and the 20,000-firm cap but not in the more aggressive 10,000-firm
cap, while the same relationship remains significant in the regression sample and at the sector and country×sector
levels. Stars: ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001.
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F TF-IDF score diagnostics

The cross-fitted TF-IDF innovation score used in Section 3 is built from a lasso of extracted-text
TF-IDF features on residualized log sales. Figure F1 reports the fold-averaged lasso coefficients
as a word cloud. The terms that load most heavily are recognizable innovation vocabulary,
supporting the validation claim that the score is picking up information beyond country-by-
sector boilerplate.

Figure F1: Word cloud of fold-averaged TF-IDF lasso coefficients.
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magnitude; color encodes sign (green positive, purple negative). Coefficients are averaged across the K = 3
cross-fit folds; the top 60 terms by absolute coefficient are shown per panel. The lasso is fit at the firm level on the
extracted product or process text after partialing out log employment, log capital, the capital-missing indicator,
log(1 + official patent count), and country×NACE2 fixed effects. Negative-loading terms enter with a negative
coefficient on residualized log sales: after partialing out size and country-by-sector fixed effects, firms whose
extracted text is heavier on those terms have lower sales than their controls would predict. Construction details
follow the cross-fit pipeline in Section 3.

G Conditional shares among green firms

This appendix reports, conditional on a firm having any green innovation, the fraction that also
has a labor-augmenting introduction, the fraction with a labor-saving introduction, and the
fraction with neither. Product introductions are on the left and process introductions on the
right; within each category the faded bar is the regression sample (309k firms) and the solid bar
is the full snapshot (605k firms). The denominator is firms with at least one green product (left)
or process (right) introduction, so the three categories are not mutually exclusive: a firm can
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have both an augmenting and a labor-saving introduction, in which case it contributes to both
bars.

Figure G1: Labor direction among firms with green innovation.
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Notes: The figure reports, among firms with any green product (left) or process (right) introduction, the share that
also has an augmenting introduction, a labor-saving introduction, or neither. Faded bars report the regression
sample (309k firms); solid bars report the full 605k snapshot. The denominator within each panel is firms with the
corresponding green tag. The augmenting and labor-saving categories overlap; “Neither” is firms with the green
tag but neither a labor-augmenting nor a labor-saving introduction (typically because the labor effect was classified
as “unclear”).

H NACE2 sector-level results

This appendix repeats the firm-level direction-tag analysis with each dot representing one
NACE2 sector rather than one country. The sector set is the same in every figure: NACE2
codes with at least 100 firms in the regression sample. Dot labels are short verbal descriptors of
the NACE Rev. 2 division (e.g. “Wholesale trade”, “Software & IT”, “Pharmaceuticals”). The
aggregations otherwise follow the country-level construction in Sections 4–4.2.
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Figure H1: Sector-level direction of innovation, regression sample.
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Figure H2: Sector-level direction of innovation, full snapshot.
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Figure H3: Sector-level cross-sample comparison of green firm-shares.
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Figure H4: Sector-level cross-sample comparison of augmenting–saving firm-shares.
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Figure H5: Sector-level green firm-share vs green patent share.
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I Country × NACE2 cell-level results

This appendix repeats the firm-level direction-tag analysis at the (country × NACE2) cell level.
Each dot is now one country-sector cell rather than one country. With ∼2,700 such cells in the
regression sample, individual labels would be unreadable, so we drop text labels and rely on
dot density. The cell set is the same in every figure: cells with at least 25 firms in the regression
sample.

Figures I1 and I2 show that the cross-cell relationship between greenness and net labor
direction differs between products and processes: the fitted relationship is negative on the
product side and positive on the process side. The LLM-extracted green firm-share and the
green patent share are positively associated at the cell level (Figure I5). As in the country-
level comparison, these measures have different denominators and their levels are not directly
comparable.
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Figure I1: Cell-level direction of innovation, regression sample.
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augmenting firm-share minus the labor-saving firm-share. The red line is an OLS fit with a 95% confidence band.

Figure I2: Cell-level direction of innovation, full snapshot.
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on the right. The x-axis is the share of firms in the cell with at least one green introduction; the y-axis is the
augmenting firm-share minus the labor-saving firm-share. The figure uses the full 605k snapshot and is restricted
to cells with at least 25 firms in the regression sample. Firms with no extracted text remain in the denominator and
contribute zeros to the relevant numerators. Dot size is proportional to the number of firms in the cell; the red line
is an OLS fit with a 95% confidence band.
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Figure I3: Cell-level cross-sample comparison of green firm-shares.
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Figure I4: Cell-level cross-sample comparison of augmenting–saving firm-shares.
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Notes: The x-axis reports the augmenting–saving firm-share in the 309k regression sample and the y-axis reports
the same measure in the 605k full snapshot. Product innovation appears on the left and process innovation on the
right.
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Figure I5: Cell-level green firm-share vs green patent share.
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J Sector vs country variance decomposition

This appendix decomposes the cross-firm variation in the six direction tags into a country part
and a NACE2 sector part. Table J1 reports R2 shares; Figure J1 compares raw country shares to
the corresponding sector-adjusted shares.

Table J1: Variance decomposition of firm-level direction tags.

Tag Country Sector Country + Sector Interaction extra Residual

Green (product) 0.8 3.5 4.3 1.1 94.7
Green (process) 0.5 1.4 1.8 0.8 97.3
Augmenting (product) 0.4 0.8 1.2 0.8 98.0
Augmenting (process) 0.5 0.6 1.2 0.8 98.0
Labor-saving (product) 0.3 1.1 1.4 0.8 97.8
Labor-saving (process) 0.3 0.4 0.7 0.7 98.6

Notes: Rows are firm-level binary direction tags; entries are R2 contributions in percent from a linear-probability
regression of the tag on country and NACE2 sector fixed effects. The “Country” and “Sector” columns report
the Shapley share of each fixed-effect block (the order-free average of the two sequential orderings). “Country +
Sector” is the joint R2 from the additive two-way fixed-effects specification. “Interaction extra” is the additional
R2 contributed by the full country×sector interaction beyond the additive model. “Residual” is the remaining
within-cell variation. Sample: 553,048 firms across 40 countries and 86 NACE2 sectors, restricted to countries with
at least 25 firms in the regression sample.
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Figure J1: Sector-composition adjustment to country direction-tag shares.
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Each dot is a country. Y−axis is the sector−composition−adjusted country share minus the raw country share, in percentage points. Positive values mean adjusting for sector mix raises the country's share; negative values mean the raw share was inflated by sector composition. Dotted line at y=0 is no adjustment effect; the grey band is +/−0.5 pp. Country labels shown for the 5 countries with the largest absolute adjustment in each panel. rho_S = Spearman rank correlation between raw and adjusted shares across 40 countries.Notes: Each dot is a country; the y-axis is the sector-adjusted country share minus the raw country share, in
percentage points. Positive values mean adjusting for sector mix raises the country’s share; negative values mean
the raw share was inflated by sector composition. The dotted reference line at zero marks no adjustment, and
the gray band marks ±0.5 pp. The Spearman rank correlation between raw and adjusted shares appears in the
top-left of each panel. Country labels mark the five countries with the largest absolute adjustment in each panel.
The adjusted country share is constructed by taking the firm-level residual from a regression of the binary direction
tag on NACE2 sector fixed effects, averaging within country, and adding back the grand mean. The construction
isolates the within-sector cross-country contribution to the country share. Sample as in Table J1. Dot size is
proportional to firm count in the country.
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