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Abstract 
Biographical records of famous individuals offer 
a comprehensive window into the economic and 
cultural geography of the past. Yet, current 
datasets built from these records often lack 
granularity. Oversimplified migration histories 
and occupational classifications limit their 
potential for economic and historical research. 
Here, we propose leveraging state-of-the-art 
Large Language Models (LLMs) to systematically 
extract detailed information from biographies 
available on Wikipedia and Wikidata that other 
sources did not yet retrieve. Specifically, we aim 
to capture precise migration trajectories, 
multiple occupations throughout individuals' 
careers, interpersonal connections, and 
university affiliations. By integrating these 
aspects into Pantheon (pantheon.world), a 
platform run by César A. Hidalgo and his 
colleagues at Datawheel that attracts more than 
2 million users per year, we will enable 
researchers and the public to explore historical 
knowledge diffusion, occupational mobility, and 
regional economic development. Also, we use 
the retrieved data to augment historical 
population data for regions through machine 
learning methods. Together, the granular 
biographical data we retrieve and make publicly 
available will provide novel insights into the 
determinants of economic prosperity and long-
term growth. 

 

Introduction 
Biographies of notable individuals are a highly 
comprehensive representation of the historical 
economic geography. Our collective memory on 
the careers of Michelangelo, Wolfgang Amadeus 
Mozart, Alexander Fleming, or Albert Einstein 
sheds light on the economic and cultural 
ecosystem of their respective locations in ways 
traditional archival sources cannot. Data on such 
biographies is, hence, an increasingly used 
source in economic, historical, and 
interdisciplinary research (1–6). 

Unlike typical historical data sources, there is an 
abundance of accurate biographical records—
largely thanks to community-driven efforts such 
as Wikipedia and Wikidata, which provide 
extensive biographical information at an 
unprecedented scale. Recent research efforts 
used this as a starting point and made available 
structured data on the places of birth, death, and 
occupations of hundreds of thousands of 
historical figures (7, 8).  

But these research efforts lack crucial 
information on the biographies of famous 
individuals, limiting the research questions that 
can be explored.  

Take migration patterns. Most of the migration 
of famous Europeans over the past 1,000 years 
took place within countries and towards large 
cities (e.g. from smaller cities in France to Paris, 
see Fig. 1). And they were remarkably mobile 
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throughout history. Scientists born between 1450 
and 1750 moved, on average, 3.7 times in their 
lives (9). But curated datasets (7, 8) only provide 
information on their places of birth and death, 
which researchers then use as a proxy of 
migration (2–4). Although this proxy is 
appropriate, it leaves out relevant details. With 
this proxy, Albert Einstein is considered a 
migrant of Ulm to Princeton, neglecting his stays 
in Munich, Zürich, Bern, and Berlin. 
Information on all places of living and granular 
information on the individuals’ migration 
trajectory, however, is contained in long-format 
biographies and should be mineable in a 
structured way. 

Similarly, current datasets assign a single 
occupation to each famous individual, which can 
be oversimplified. Consider the career of Maria 
Sibylla Merian. She started her career as a 
botanical artist, illustrating flowers and insects. 
Later, she contributed significantly to the 
emerging field of entomology with several 
scientific observations. Capturing such labor 
flows systematically can inform us about the 
cognitive proximity between two occupations 

(e.g. botanical artist and entomologist as 
showcased by Merian’s biography). This, in turn, 
can enhance our understanding of economic 
development and knowledge diffusion through 
economic complexity methods such as 
relatedness (4, 10, 11). Other properties, which 
are contained in long-format biographies but are 
not yet captured systematically, are connections 
between famous individuals (e.g. ontological 
inspiration, mentorship, friendship etc.) or their 
affiliation to universities. 

Here, we want to address these limitations by 
implementing state-of-the-art Large Language 
Models (LLMs) with Wikidata and the long-
format biographies on Wikipedia. LLMs are 
powerful classification tools which find 
structure and discrete classes within vast 
amounts of unstructured data (12, 13). This 
enables completely new use cases of text as data. 

The goal of the project is to retrieve more 
granular information on the famous individuals’ 
places of living and migration patterns, their 
occupational changes over their lifetime, the 
connections between famous individuals, and 
their affiliation to universities. 

Figure 1. Migration network of famous individuals within Europe between the years 1000 and 2000. Places of birth and death 
are used as a proxy for migration. Capturing all migration flows would increase the number of links in this graph substantially. 
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The expected output of this project are a new 
dataset including above mentioned aspects, two 
academic publications, and the integration of the 
retrieved data into Pantheon.  

The first publication will summarize our 
methodological approach and make the 
collected data on famous individuals publicly 
available. We will ensure compatibility with 
existing datasets and plan to collaborate with the 
Wikimedia Foundation to make our findings 
directly accessible on Wikidata.  

Also, we will closely collaborate with César A. 
Hidalgo and his colleagues at Datawheel to 
integrate our approach within the pipeline of 
pantheon.world and generate a new version of 
Pantheon (Pantheon 3.0). Pantheon is a popular 
platform, attracting more than 2 million users 
per year from all around the world. This makes 
our data accessible to researchers and the 
general public. 

The second publication targets the augmentation 
of historical population data through machine 
learning, similar to our recent work on 
augmenting the availability of historical GDP per 
capita levels (5). 

 

Date: We propose a two-year project starting in 
July 2025 and ending in June 2027. 

Related work 
Using biographies of famous individuals to 
understand cultural and economic development 
is not an arbitrary choice. Accurate information 
on their lives is abundant compared to 
traditional historical data, and it contains 
relevant details to understand the development 
and structural change of cities. 

Key agents of structural change are migrants 
(14–18). They help carry knowledge across space 
and shape the geography of cultural and 
economic activities (19–23). Several studies 
documented the historical role of migrants in 
knowledge diffusion within a single activity (24–

34). For instance, the forced emigration of 
French Hugenots, who settled in Prussia in the 
late 17th century, significantly increased textile 
manufacturing productivity in Prussia (35).  

The role of migrants in the historical formation 
of agglomerations spanning multiple activities, 
however, remained relatively unexplored. In a 
recent publication (4), we explore their role with 
data on more than 22,000 famous individuals 
living in Europe in the past 1,000 years. 
Specifically, we investigated how immigrants, 
emigrants, and locals explain the probability 
that famous individuals specialized in an 
activity—that was not yet present in a region—are 
born during the next century. Put differently: 
Did migrants make Paris a Mecca for the arts and 
Vienna a beacon of classical music? Or was their 
rise a pure consequence of local actors? 

Our findings show that migrants play a crucial 
role in the historical geography of knowledge. 
Specifically, we find that the probability that a 
European region enters a new activity grows 
with the presence of immigrants with knowledge 
on that activity. Also, using measures of 
relatedness (11, 36–39), we find that this 
correlation is enhanced by spillovers across 
related activities. Put differently, the probability 
that a region begets famous mathematicians 
grows with an excess immigration of 
mathematicians and with immigrants from 
related fields, such as physics or chemistry. 
Similarly, we find that the probability that a 
European region loses one of its existing areas of 
specialization decreases with the presence of 
immigrants specialized in that activity and in 
related activities. In contrast, we do not find that 
locals play a statistically significant role in 
shaping European cities.   

But biographies of famous individuals can also 
be used to augment the availability of historical 
economic data such as GDP per capita levels with 
the help of machine learning. In a recent 
publication (5), we introduce a machine learning 
method designed to reconstruct historical GDP 

https://www.datawheel.us/
https://pantheon.world/
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per capita estimates of dozens of European and 
North American countries and regions for the 
past 700 years, more than quadrupling the 
availability of historical economic output data 
for these regions. 

Leveraging information on 563,000 famous 
historical figures from Wikipedia and Wikidata 
(8), we trained a set of supervised machine 
learning models to generate out-of-sample 
estimates of national and regional GDPs per 
capita. We find the model provides encouraging 
results. In an out-of-sample test, it predicts the 
GDP per capita of European and North American 
countries and regions with an R2=90.1% and a 
mean absolute error of 22.6% of the GDP per 
capita observed during that time period. 

We externally validate these estimates by 
recreating qualitatively well-known historical 
development trajectories and by comparing 
them with other proxies of per capita wealth. 
First, we recreate the established finding that 
England and the Low Countries experienced 
larger economic growth than Southern Europe 
between 1300 and 1800 (40–44). We find that a 
large share of this reversal of fortune can be 
attributed to the rise of Atlantic trade (40). 
Second, we show our estimates correlate with 
proxies of economic development, such as 
urbanization rates between 1500 and 1950, body 
height in the 18th century, wellbeing in 1850, and 
church building activity in the 14th and 15th 
century. 

Our articles on migrants as drivers of historical 
structural change and on augmenting the 
availability of historical GDP per capita data 
enhance our understanding of economic 
development.  

But the underlying data on famous historical 
figures suffers from key shortcomings we want 
to tackle with this project. 

First, we lack granular information on the full 
migration trajectory of famous individuals. 
Rather, places of birth and death are used as a 
proxy for migration. More detailed data on 

where famous individuals lived, and when, could 
provide a better analytical basis to explore the 
evolution of agglomerations. This is relevant for 
both our papers cited above. We could provide 
better estimates of the impact of migrants on 
structural change, if we observed all places of 
living. Similarly, we could improve the model 
performance of machine learning augmenting 
historical economic data such as GDP per capita 
levels.  

Second, the assignment of occupations to 
biographies can be improved. Current research 
efforts assign a single occupation to an 
individual, while many famous figures 
contributed to several fields in the course of their 
career. Consider Maria Sibylla Merian, who 
started her career as botanical artist and ended it 
as entomologist. Or Leonardo da Vinci, whose 
Wikipedia page describes him as “painter, 
draughtsman, engineer, scientist, theorist, 
sculptor, and architect.” 

A more granular and more accurate assignment 
of occupations can enhance our understanding 
of knowledge diffusion. When exploring the role 
of migrants in the evolution of European 
agglomerations, we used measures of 
relatedness (11, 36–39) to capture knowledge 
spillovers across activities. Relatedness 
estimates how cognitively close a location is to an 
activity. The starting point in our case was a 
network of proximities between activities based 
on their co-location. That is, we assume that, 
e.g., painters and sculptors are cognitively close 
when they frequently appear in the same 
location. Having granular information on 
occupations a single individual pursues can 
provide a more accurate depiction of how 
cognitively close two occupations are. This, in 
turn, can lead to improved measures of 
relatedness and knowledge spillovers. 

Together, we propose addressing these 
limitations by implementing state-of-the-art 
Large Language Models (LLMs) with Wikidata 
and the long-format biographies on Wikipedia. 
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Interdisciplinary research using data on the 
biographies of famous individuals can profit 
from these advancements and enhance our 
understanding of past economic development 
even further. 

Methods 
This project starts with the current pipeline that 
is feeding the website pantheon.world. 
Pantheon started as a project by MIT’s Collective 
Learning group, which resulted in Pantheon 1.0 
using data from Wikipedia and Wikidata (7). 
Then, Datawheel continued the development of 
Pantheon and expanded its scope to today’s 
version, Pantheon 2.0. Now, more than 2 million 
users visit Pantheon per year. 

We will work closely with César A. Hidalgo and 
colleagues at Datawheel to benefit from 
knowledge spillovers and implement LLMs into 
their pipeline, eventually contributing to a new 
version of Pantheon (Pantheon 3.0). 

At the core of the project is the integration of 
LLMs into the workflow behind Pantheon. LLMs 
are powerful classification tools which find 
structure and discrete classes within vast 
amounts of unstructured data (12, 13). Which 
tasks LLMs can reliably solve and how such 
models can be adapted for different use cases 
and data types, is currently an active and 
growing field of research in computer science 
(45–53). 

The first step of the project is a thorough 
literature review of current applications of LLMs 
for similar information retrieval use cases. The 
applied model (or ensemble of multiple models) 
will depend on the insights gained during the 
literature review. We will also take earlier 
attempts to retrieve more granular information 
from Wikidata into account, which used early 
language processing techniques and had limits 
in scale (54, 55). 

After the literature review, we set up LLMs for 
the purpose of retrieving granular information 

from Wikipedia by fine-tuning relevant 
parameters and developing sets of prompts that 
reliably yield the respective item in a structured 
form. 

The goal is to retrieve more granular information 
on: 

• the famous individuals’ places of living 
and migration patterns, 

• their (potentially multiple and changing) 
occupations over their lifetime, 

• the connections between famous 
individuals, and 

• their affiliation to universities. 

Next, we will use the retrieved data to augment 
historical population data. Historical population 
data is more prevalent than income data, but 
coverage in some parts of the world is still 
scarce. Here, we augment the availability of 
historical population data through machine 
learning with a similar approach to our work on 
GDP per capita levels (5). We will employ sets of 
supervised machine learning models (e.g. elastic 
net regression models or regression trees) and 
train them with several features derived from the 
geography of famous biographies.  

Expected output 
The expected output of the project includes:  

• A publication in an interdisciplinary 
peer-reviewed journal describing our 
methodological approach in detail. This 
includes a publicly accessible dataset 
that interested researchers can use. We 
will ensure direct compatibility with 
existing data sources (7, 8) and Wikidata; 

• A publication in an interdisciplinary 
peer-reviewed journal augmenting 
historical population data; 

• Presentations at two academic 
conferences; 

• Integrating our data within the pipeline 
of pantheon.world and generating a new 
version of Pantheon (Pantheon 3.0) to 

https://pantheon.world/
https://www.datawheel.us/
https://www.datawheel.us/
https://pantheon.world/
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make our data accessible to researchers 
and the general public; 

Risks 
Risks in this project relate to biases that data 
from Wikipedia is known to be subject to (56). 
For instance, famous figures of the Western 
world are overrepresented (57). Also, cultural 
norms impact the portrayal of certain 
individuals in different language editions (58, 
59), and the relative coverage of topics (60). Still, 
empirical studies find that the information 
available in Wikipedia is of relatively high 
accuracy when assessed by experts (61) or 
compared with other encyclopedias such as 
Britannica (62). Additionally, findings need to be 
set in context, since they are based on a small, 
and not necessarily representative, subset of the 
overall population. All parts of this project will 
consider potential biases and limitations 
throughout, critically discuss them, and make 
sure that results are not driven by them. 

Community impact plan 
We will make our results accessible to the 
general public by closely collaborating with 
colleagues at Datawheel and publishing our 
retrieved information within Pantheon 
(pantheon.world). 

Pantheon is a popular platform, attracting more 
than 2 million users per year from all around the 
world. While a large share of users (~30 percent) 
are based in the United States, the site is also 
popular in non-Western countries such as India 
(~6,5 percent of Pantheon users), China (~2,8 
percent), and Nigeria (~1,9 percent).  

Also, we will ensure compatibility with existing 
datasets and plan to collaborate with the 
Wikimedia Foundation to make our findings 
directly accessible on Wikidata. 

Evaluation 
This project will be evaluated based on several 
clearly defined criteria that align with its 
primary objectives. 

First, success will be measured by the accuracy, 
completeness, and granularity of the 
information extracted using LLMs. Specifically, 
we will validate the retrieved data on famous 
individuals' residential histories, occupational 
trajectories, connections between individuals, 
and university affiliations against manually 
curated benchmark datasets. Also, we will 
conduct random manual checks on a 
representative subset of retrieved biographies to 
assess accuracy rates. 

Second, a key indicator of success will be the 
integration of the new structured data into 
existing platforms, particularly Pantheon 3.0. 
We will track adoption and usage statistics of our 
datasets through access statistics and citations. 

Third, publication of the project’s methodology 
and results in reputable interdisciplinary peer-
reviewed journals will serve as a critical measure 
of success. Depending on the speed of progress 
and the review times, a measure of success can 
already be the reception of positive referee 
reports with the possibility to revise the 
submitted manuscript.  

Collectively, these evaluation criteria will ensure 
that the project’s outcomes are robust, 
methodologically sound, and impactful within 
both academic research communities and public 
dissemination channels. 

Budget 
The total budget for this project amounts to USD 
149 444,79. It is available here. 

Personnel costs amount to USD 92 102,63. These 
include 12 full-time months of the applicant, as 
well as six full-time months of a research 
assistant (Master’s student), who will be hired at 
EcoAustria in Vienna after approval of the 
project. These costs are calculated based on the 

https://www.datawheel.us/
https://pantheon.world/
https://ecoaustria1-my.sharepoint.com/:x:/g/personal/philipp_koch_ecoaustria_ac_at/ESl03os2MgRMlbIpQJBRsS0Bhqc0d5HWK__1i6d2cW7lgw?e=EGmCAS


 

7 

current standard personnel costs by the Austrian 
Science Fund FWF (FWF webpage). 

Costs were converted from EUR to USD using the 
OANDA Currency Converter on April 14th 
resulting in an exchange rate of 1,13549 
USD/EUR. 

The project will be led and supervised by Philipp 
Koch at EcoAustria – Institute for Economic 
Research in Vienna. EcoAustria is an 
independent non-profit research institute in 
Vienna, covering academic research as well as 
current topics of public interest. The team 
members are highly experienced specialists with 
longstanding expertise in applied and academic 
economic research. 

The project’s PI, Philipp Koch, completed his 
PhD in 2024 at the Center for Collective Learning 
at the University of Toulouse and currently holds 
a position as Head of Data Science at EcoAustria. 
His dissertation of “Machine Learning for 
Economic History” resulted in two publications 
contributing to a better understanding of 
economic history (see section “Related work”).  

A central element of the project is to promote the 
career of young scientists. First, the PI only 
recently completed his doctoral degree. Also, we 
will hire a Master’s student shortly after the 
project start, who supports the project in several 
ways. Specifically, we plan to attract students in 
Data Science to help with the computational 
aspect of the project.  

A key aspect of this project is the public 
dissemination of the data and results to a large 
audience. Hence, we aim to closely collaborate 
with colleagues at Datawheel, who run the 
popular platform pantheon.world. Having 
Datawheel as subcontractor on board will help 
the proposed project have a high community 
impact. A budget of USD 45 419,53 is reserved for 
Datawheel to help facilitate the integration into 
their data pipeline and website. Also, software 
support by Datawheel will be provided if needed. 
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