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A.1 Data Processing Pipeline

Text Region Detection. We start with the original scans of patent specifications. Before using an optical

character recognition (OCR) software to extract the text, we fine-tune a YOLOv8model—a state-of-the-art

object detection model—on a custom dataset of patent scans to detect rectangular text regions. This helps

minimize noise from non-text elements that could compromise OCR quality. To build our custom labelled

dataset, one of the coauthors labeled these 420 scans. We then randomly split the labelled images 80-10-10

into train-validation-test sets. We train the model using default YOLOv8 hyperparameters, except from a batch

size of 128 and the maximum number of training epochs set to 300. We used the Roboflow UI to add standard

data augmentations, increasing the training set to 1,008 images. Our model achieves 98.7% Mean Average

Precision at 50% intersection-over-union (mAP50) on the test set, and 89.2% when averaged across stricter

thresholds (mAP50-95). We then apply the trained model to our scans using the Ultralytics YOLO inference

API with a confidence threshold of 0.5.

Optical Character Recognition (OCR). After detecting text regions, we use Google Cloud Vision as our

OCR engine to extract text, which substantially outperforms alternatives like Tesseract andABBYY FineReader

in our manual quality assessments. Text regions are concatenated based on their y-coordinates—since the

text is organized in a single column—to preserve the natural reading order of each page.

Word Tokenization. In addition to releasing the full specification texts, we build a list of tokenized words

for each patent specification. This will help facilitate searching and textual analyses of the data that focus

on keywords and n-grams. To do this, we first pre-process the extracted text by removing HTML tags

and non-ASCII patterns, replacing hyphens with spaces, and then use a spaCymodel (en_core_web_lg) to

tokenize the full texts from all pages into individual words. Numbers and punctuation are dropped during

tokenization.

Entity Extraction. We extract inventor information using a fine-tuned XLM-RoBERTa-large model. Our

custom training dataset comprises 401manually labeled patent front pages, with detailed annotations of spans

of text containing full inventor names, occupational titles, permanent addresses, patent sealing, application

or grant dates, firm affiliations of inventors, and foreign communicant information.12 The annotation process

entailed manual labelling jointly between one of the coauthors on this paper and a trained undergraduate

research assistant who was provided with a detailed schema of instructions. The two labellers tagged spans

of text within each of the front pages that contained each of the above categories of information. The labellers

then cross-checked entities with one another to ensure that Type I and II errors occurred with minimal

frequency in the labelled data. We then randomly create 60-20-20 train-validation-test splits of the dataset.

The model is fine-tuned using a learning rate of 5e-5 and batch size of 42 for 29 epochs, with the learning

1Our custom dataset consists of 401 front page texts in total, 200 of which are randomly chosen from our data
and 201 which were oversampled from those containing either firm or communicant information to ensure sufficient
representation of these classes in the training data. Typically, it is best practice to build a custom training dataset by
random sampling. In our case, the presence of severely underrepresented entities would lead to severe performance
issues for these classes.

2Since XLM-RoBERTA-large, like most models in the BERT and RoBERTa families, has an upper limit of 512 input tokens,
we truncate the front pages if they exceed 512 tokens.
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rate optimized through grid search on the validation set and the number of epochs chosen by validation set

performance within 50.3 We evaluate using full-entity F1 scores, requiring exact matches of the full entity

instead of the token.4 Our test set performance is strong on common entities (names: 94.9%, occupations:

93.8%, addresses: 89.9%) with lower but acceptable accuracy on rarer entities like firm affiliations (76.2%)

and foreign communications (81.8%). Using the same dataset and model architecture, we also extract patent

titles, achieving a test set F1 score of 95.7% with hyperparameters (learning rate: 6e-05, 15 epochs) tuned in

the same way.5

Relation Extraction and Refinement. Having extracted entities and patent titles, we then turn to standardiz-

ing historical addresses. This presents unique challenges due to the presence of errors arising from OCR and

automated entity extraction, as well as historical addresses often differing from their modern counterparts.

We employ OpenAI’s gpt-4o for geocoding, achieving 94% accuracy in matching historical addresses to

modern coordinates in our hand-coded validation sample of 200 manually verified cases. In constructing this

validation set, we manually identify the nearest city, town, or village associated with the address by searching

in Google Maps or corroborating from historical sources if an office or foundry is mentioned. We then check

the coordinates returned to ensure they are within the administrative boundary of the city, town, or village,

or alternatively that both longitude and latitude are within 0.1 degrees of the ground truth location. If

multiple distinct locations are mentioned in the address string, we check the returned longitude and latitude

coordinates against the first location only. Our prompt is in Figure A2. Out of 200 address strings, gpt-4o

returned coherent coordinates in 187 cases.6 We feed, as a batch, all the addresses for a given patent to gpt-4o

since addresses that use context from others in the same specification are quite common e.g. "Birmingham,

in the County of Warwick" and "Royal Leamington Spa, in the same County". We then turn to assigning

address, occupation, and firm entities to inventors. For this, we employ a hybrid approach combining

rule-based methods and gpt-4o. We first filter implausibly short entities (length no more than 2 characters)

and de-duplicate these using Jaro-Winkler distance implemented using the textdistance package with a 0.9

similarity threshold. Then, for patents with a single identified inventor, all relevant entities are automatically

assigned. For patents with multiple inventors, we use gpt-4o to perform relation extraction, feeding it the

extracted entities, inventor names, and front page text and asking it to make assignment decisions.7 Our

manual checks suggest that providing gpt-4o with the extracted entities, as opposed to asking it to identify

them, minimizes the risk that entities are hallucinated. We manually inspected a sample of cases, and found

that this approach showed agreement with human judgment in every case.

3The batch size is set to utilize the maximal memory capacity of 2 NVIDIA RTX A6000 GPUs.
4Standard token-level F1 is too lenient for our task given that entities which are only partially extracted are effectively

unusable for downstream research.
5Using the same custom dataset of 401 front pages, one of the co-authors on this paper manually labelled the data

from each front page. This results in a dataset of named entities with only a single class, the title.
6Ourmanual checks using GoogleMaps are at https://github.com/matthewleechen/UKHistoricalPatents/blob/

main/replication/manual_validation_set_addresses.csv.
7Our prompt that we use is in Figure A3.
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Figure A2: GPT4o Prompt for Relation Extraction with Multiple Inventors

You are a helpful assistant that provides precise geographic coordinates for historical addresses
from patent records. Consider international locations while defaulting to UK only for ambiguous
cases with no clear context.
These addresses are from British historical patent records, but the locations mentioned could be
anywhere in the world, not just the UK. Please provide latitude and longitude coordinates for each
address.
Important guidelines:

1. The addresses could be from any country, not just the UK.

2. For ambiguous place names (e.g., "Rochester" which exists in UK and US), use the UK
location only if there’s no clear indication of another country.

3. If there are multiple distinct locations mentioned, georeference the first.

4. Return null for both latitude and longitude if:

• The location is too vague.

• There are multiple candidate locations and no clear context.

• The historical location cannot be accurately mapped to modern coordinates.

Return results as a JSON array with ’text’, ’latitude’, ’longitude’. Addresses to process:

Figure A3: GPT4o Prompt for Relation Extraction with Multiple Inventors

You are an expert in inferring relations between named entities in historical patent text.

You are to output only the updated list of dictionaries in JSON format, without any additional text

or explanations.

Here is a list of people and entities extracted from a patent document. Based on the context of

the document, assign a new dictionary key ’person_id’ to every ’OCC’, ’ADD’, and ’FIRM’ entity.

For ’OCC’, ’ADD’, and ’FIRM’ entities, if they apply to only one person, assign a single integer

(e.g., "person_id": 2).

If they apply to multiple people, assign a list of person_ids (e.g., "person_id": [1, 2]).

Do not include any explanations, comments, or extra text. Return only the updated list of

dictionaries in valid JSON format.

People: {[p[’entity_text’] for p in persons]}

Entities: {entities_str}

Context: {page_text}
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Linking Inventors across Patents. Our final task is linking inventors across patents. This is a challenging

task, and our goal is to automatically scale up the careful manual approach taken by Hanlon (2025). This

approach seeks to link based on the (1) name of the inventor, (2) patent year, (3) occupation of the inventor,

(3) their address, (4) firm affiliation, and (5) the associated patent title. We frame this as an embedding

clustering problem, where similar inventor records should have nearby vector representations. Our approach

is to fine-tune an embedding model on a custom dataset of human-generated ground truth matches. To train

our linking model, we construct a custom dataset of 3,000 inventor-patent pairs following Hanlon (2025)’s

protocol, with oversampling of same-name pairs. One coauthor manually created conservative linkages,

requiring unambiguous evidence frommultiple fields to establishmatches. Thismeans thatwherevermultiple

pieces of linking information were not present, individuals were not linked. Using this as ground truth,

we fine-tune all-mpnet-base-v2, a SentenceTransformersmodel, using the LinkTransformer framework

(Arora and Dell, 2024). The model is trained with supervised contrastive loss for 100 epochs, and all other

standard LinkTransformer hyperparameters. We evaluate using standard information retrieval metrics.

Focusing on accuracy, for 98.7% of patent-inventor pairs, the model correctly identifies a matching inventor

with the same assigned label as its closest result. We apply this model to our full dataset, using single-linkage

(SLINK) clustering with cosine similarity on the resulting embeddings to identify unique inventors. The

clustering uses all default LinkTransformer single-linkage clustering parameters: a minimum cluster size

of 1 and a cluster threshold of 0.1. Finally, where multiple name entities from the same patent’s front page

were identified as belonging to the same inventor cluster (i.e. instances where the same inventor’s name

is mentioned multiple times on the front page), we retain only the first mention of the name and discard

subsequent mentions. Visual inspection confirms high-quality inventor linkages across the dataset. However,

since our linking procedure relies on occupational, geographic, and firm characteristics, the algorithm may

underperform when matching inventors who change jobs, locations, or employers between patents. This

creates potential bias towards identifying stable inventors.

B Additional Figures & Tables

Table B1: Distribution of Patents per Inventor

Number of Patents Number of Inventors

1 157,858
2 23,667
3 8,744
4 4,391

≥ 5 10,422

Total 205,082

Note: Table displays the number of inventors from our full coverage period that patented 1, 2, 3, 4, and at
least 5, inventions.
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Figure B1: Patents with Multiple Inventors

(a) Number of Coinvented Inventions

(b) Share of Coinvented Inventions

Note: Plot displays the count (a) and percentage (b) of inventors with more than one inventor name entity
detected in a given year, over the course of our full period (1617-1899).
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Table B2: Most Distinctive Words by Occupation

Occupation Distinctive Terms

engineer valve, steam, water, cylinder, air, shaft, wheel, apparatus, lever, piston

manufacturer manufacturer, upon, plate, two, part, spring, frame, side, material, tube

gentleman gentleman, water, upon, air, apparatus, two, wheel, john, plate, patent

patent agent patent, lake, water, upon, shaft, apparatus, abroad, two, acid, plate

civil engineer water, air, apparatus, steam, valve, two, cylinder, engineer, william, shaft

merchant water, apparatus, air, two, material, upon, plate, part, suitable, wheel

mechanical engineer valve, shaft, wheel, mechanical, lever, steam, cylinder, water, upon, plate

machinist shaft, lever, wheel, machine, upon, roller, rollers, plate, bar, motion

electrical engineer electrical, circuit, electric, current, armature, switch, contact, lamp, magnet,

wire

chemist acid, solution, water, process, soda, gas, mixture, lime, manufacture, liquid

manager shaft, lever, wheel, upon, machine, roller, rollers, plate, apparatus, part

machine maker machine, lever, shaft, rollers, roller, wheel, motion, upon, yarn, spindle

chartered patent agent acid, water, solution, shaft, provided, air, lever, two, wheel, agent

mechanic lever, shaft, wheel, bar, upon, machine, spring, frame, roller, plate

electrician circuit, current, electric, armature, battery, contact, wire, magnet, carbon, electro

consulting engineer robert, water, lake, steam, valve, air, william, upon, cylinder, shaft

manufacturing chemist acid, solution, soda, water, lime, manufacture, gas, process, mixture, iron

esquire letters, patent, water, john, year, shall, time, great, seal, majesty

inventor provided, shaft, frame, wheel, shown, spring, side, upon, adapted, plate

architect water, air, frame, side, two, pipe, material, form, made, suitable

Note: Table displays the most distinctive words by TF-IDF score in the full texts of patents associated with
a given occupation. Occupations are standardized using a series of rules: we drop plural mentions of
occupations, and group together common abbreviations for ‘gentleman’ and ‘esquire’. We then take the
modal occupation of inventors (or if there does not exist a mode for a particular inventor, we assign a random
occupation). TF-IDF scores are calculated using the scikit-learn TfidfVectorizer with the maximum
number of features limited to 1,000. We restrict to words that are at least 3 letters in length, appear in at least
5 patents, and appear in at most 70% of patents.
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Figure B2: Patents Communicated from Abroad

(a) Number of Communicated Inventions

(b) Share of Communicated Inventions

Note: Plot displays the number (a) and percentage (b) of patents with any identified foreign communicant
information extracted over the course of our full period (1617-1899).
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Figure B3: Mobility by Inventor Cohort

(a) Average Number of Locations

(b) Maximum Distance between Locations

Note: The denominator in both plots is the count of inventors who first patented in a given year that have at
least one associated location (longitude-latitude coordinate). In (a), the numerator is the number of unique
locations for a given inventor averaged over all inventors. In (b), the numerator is the maximum distance
between unique locations for a given inventor averaged over all inventors.
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Table B3: Breakthrough Scores and Patent Quality Measures

Patent Eminence BCI

(1) (2) (3) (4)

FH1

Breakthrough Score -0.127 0.195 -0.030 0.183

(0.188) (0.253) (0.106) (0.147)

Mean Dep. Var. 0.070 0.070 0.003 0.003

Year FE No Yes No Yes

Industry FE No Yes No Yes

Observations 12071 12071 12071 12071

FH5

Breakthrough Score 0.348∗∗∗ 0.383 -0.001 0.332∗∗

(0.050) (0.253) (0.030) (0.147)

Mean Dep. Var. 0.070 0.070 0.003 0.003

Year FE No Yes No Yes

Industry FE No Yes No Yes

Observations 12071 12071 12071 12071

FH10

Breakthrough Score 0.356∗∗∗ 0.375∗ 0.024 0.357∗∗∗

(0.039) (0.203) (0.023) (0.118)

Mean Dep. Var. 0.070 0.070 0.003 0.003

Year FE No Yes No Yes

Industry FE No Yes No Yes

Observations 12071 12071 12071 12071

FH20

Breakthrough Score 0.392∗∗∗ 0.494∗∗∗ 0.032 0.416∗∗∗

(0.040) (0.166) (0.023) (0.097)

Mean Dep. Var. 0.070 0.070 0.003 0.003

Year FE No Yes No Yes

Industry FE No Yes No Yes

Observations 12071 12071 12071 12071

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Robust SEs in parentheses.

Note: Table displays results from OLS regressions of the outcome measures from Nuvolari et al. (2021) on the
breakthrough score. Columns (1) and (2) use the patent eminence indicator as outcome variable. Columns
(3) and (4) use the continuous Bibliographic Composite Index (BCI) as the outcome variable. Columns (2)
and (4) control for year and industry fixed effects. All regressions use a fixed 5 year backward horizon and
results are shown for variable 1, 5, 10, and 20 year forward horizons.
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Figure B4: Kelly et al. (2021) Breakthrough Patents Over Time

Note: Plots show the number of breakthrough patents, defined as those falling in the top 10% of the uncondi-
tional distribution of breakthrough scores, net of year fixed effects. We normalize by the population of England.
Population data is from: https://ourworldindata.org/grapher/population-of-england-millennium?
time=1700..latest
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Figure B5: Breakthrough Patenting around Reform Years

Note: Plots display the share of patents above and below unconditional median breakthrough scores, net of
year fixed effects using a forward horizon of 10.
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Table B4: Top 20 Occupations overrepresented in Breakthrough Patents

Occupation Full Sample Count Top Decile Count Ratio

Doctor Of Law 147 53 1.97

Engineers And Patent Agent 319 71 1.21

Knight 128 26 1.11

Telegraph Engineer 188 34 0.99

Boot And Shoe Manufacturer 172 30 0.95

Gunmaker 127 22 0.95

Patent Agent And Consulting Engineer 199 33 0.90

Brassfounder 419 68 0.89

Agent 540 83 0.84

Tailor 167 25 0.82

Baronet 208 31 0.81

Spinster 115 17 0.81

Architect 696 102 0.80

Physician 174 25 0.78

Commission Agent 301 43 0.78

Engraver 157 22 0.76

Designer 143 20 0.76

Card Manufacturer 105 14 0.73

Lamp Manufacturer 301 40 0.73

Steel Manufacturer 215 28 0.71

Note: This table shows occupations that are disproportionately represented in the top decile of breakthrough
scores (residualized by year fixed effects). Only occupations with at least 100 appearances in the full sample
are included.
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Figure B6: Highest Breakthrough Score Patents by Year
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