
Fun! Scientometrics Civic Technology Open Modelling PRNGs Machine/Deep Learning AOB Conclusion

Adventures in Open and
Assumption-Free Observational Research

Charlie Rahal
LCDS and Nuffield College, University of Oxford

A talk to AHRU, February 11th 2025

Adventures in Open and Assumption-Free Observational Research 1 / 44



Fun! Scientometrics Civic Technology Open Modelling PRNGs Machine/Deep Learning AOB Conclusion

These slides are made with an open source typesetting language!

I_make_this_slide.tex

\begin{frame}[]
These slides are made with an open source typesetting language!
\begin{center}
\begin{scriptsize}
\begin{minipage}{.95\linewidth}
\begin{myenv}{guess$\_$what$\_$this$\_$does.py}
\begin{minted}{latex}
# Hello friends :)

\end{minted}
\end{myenv}

\end{minipage}
\end{scriptsize}

\end{center}
\end{frame}
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General purpose programming in the form of Python:
guess_what_this_does.py

import json, io, imageio, requests
from PIL import Image

def get_cat_bounded(url):
api_ret = requests.get(url)
if api_ret.status_code==200:

text = json.loads(api_ret.text)
while (text[0]['width']<=400 or text[0]['width']>=600) or \

(text[0]['height']<=400 or text[0]['height']>=600):
api_ret = requests.get(url)
if api_ret.status_code==200:

text = json.loads(api_ret.text)
r = requests.get(api_text[0]['url'])
return Image.open(io.BytesIO(r.content))

url = 'https://api.thecatapi.com/v1/images/search'
images = []
for _ in range(0, 50):

images.append(get_cat_bounded(url))
imageio.mimsave('CATS.gif', images, fps=1)
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Thats right: Cats!
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DataViz: Everywhere And All The Time.
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‘Voting Patterns, Mortality, and Health Inequalities in England’
With Melinda C. Mills, Philip Clarke, Veline L’Esperance and Josh Knight
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A lot of my work is ‘scientometric’/‘bibliometric’ in nature.

Scientometrics is the field of study which concerns
itself with measuring and analysing science.

Bibliometrics is the use of statistical methods to
analyze quantitative information pertaining to books,
articles and other publications.

Through ‘Open Approaches’ to the scientific record, we
can efficiently conduct scientometric reviews.
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Studying Inequalities through Open Science

My early scientometric work analyzed GWAS.

It took curated lists of catalogued information from the
European Bioinformatics Institute. We published two papers
which:

1. Conduct a thorough scientometric review.

2. Launch a substantial interactive dashboard.

There is HUGE scope for ‘Care’ research here.

Why is ‘open’ scientometrics good? It helps us understand what
has already been done, and where inequalities remain!
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‘The Scientometrics of Genome Wide Association Studies’
With Melinda C. Mills
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‘The GWAS Diversity Monitor Tracks Diversity in Real Time’
with Melinda C. Mills
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Studying Gender with Open Science Tools
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‘Population Studies at 75 Years: An empirical review’
With Melinda C. Mills
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‘The Rise of Machine Learning in the Academic Social Sciences’
With Dave Kirk and Mark Verhagen
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‘The SHAPE of Research’
With Sander Wagner, Melinda Mills, et al. (2024)
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What’s Next?

Two things coming up in this space:
1. Twenty Years of the UK Biobank;
2. ERC CoG to launch: ‘The Evolution of Science’.
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Evolution of Science Dashboard Include Retractions? Include Preprints?
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‘The Evolution of Science’ dashboard: An artists’s impression.
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Administrative Data is an invalueable
resource for Good.

ADR UK (2018)

UK leads the world in terms of ‘Openness’ of government data.

The value of public government data is increasingly recognised.

Increasingly recognised by the ESRC (e.g. ADRNs).

For better or worse:
I’m more interested in ‘hard to use’, semi-structured data.

Using curated data from the ONS SRS would be too easy.
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openaccess.transparency.org.uk
With Ian Knowles, Paulo Serôdio, David Stuckler and TI UK

Adventures in Open and Assumption-Free Observational Research 16 / 44



Fun! Scientometrics Civic Technology Open Modelling PRNGs Machine/Deep Learning AOB Conclusion

Procurement Data

David Cameron opened data on government contracts (2010).

This provided a totally new type of semi-structured data.

From from local authorities, to the NHS, to central government.

This sounds like it might be useful for academic research...

However, the raw data is unbelievably messy.

If only there was a Government Data Service to curate it...

However, I am currently working with the ONS to improve collection!
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Lets list a few of the problems with procurement data. Some are
common to semi-structured data, some are not:

1. Some organisations don’t believe in their legal obligation.

2. Every file is in a heterogeneous format in a different location.
(There are thousands of locations on the internet.)

3. Data commonly converted from a tabular file...

into a .pdf!
(This is a direct downgrade in the Berners-Lee 5∗schema.)

4. Naturally, of course, there are no supplier UIDs.

Just one quick example, followed by what we can do...

Adventures in Open and Assumption-Free Observational Research 18 / 44



Fun! Scientometrics Civic Technology Open Modelling PRNGs Machine/Deep Learning AOB Conclusion

Lets list a few of the problems with procurement data. Some are
common to semi-structured data, some are not:

1. Some organisations don’t believe in their legal obligation.

2. Every file is in a heterogeneous format in a different location.
(There are thousands of locations on the internet.)

3. Data commonly converted from a tabular file... into a .pdf!
(This is a direct downgrade in the Berners-Lee 5∗schema.)

4. Naturally, of course, there are no supplier UIDs.

Just one quick example, followed by what we can do...

Adventures in Open and Assumption-Free Observational Research 18 / 44



Fun! Scientometrics Civic Technology Open Modelling PRNGs Machine/Deep Learning AOB Conclusion

Adventures in Open and Assumption-Free Observational Research 19 / 44



Fun! Scientometrics Civic Technology Open Modelling PRNGs Machine/Deep Learning AOB Conclusion

Adventures in Open and Assumption-Free Observational Research 19 / 44



Fun! Scientometrics Civic Technology Open Modelling PRNGs Machine/Deep Learning AOB Conclusion

Adventures in Open and Assumption-Free Observational Research 19 / 44



Fun! Scientometrics Civic Technology Open Modelling PRNGs Machine/Deep Learning AOB Conclusion

Adventures in Open and Assumption-Free Observational Research 19 / 44



Fun! Scientometrics Civic Technology Open Modelling PRNGs Machine/Deep Learning AOB Conclusion

Df
T

M
oD

D.
Ed

BE
IS HO DW
P

HM
RC Do

H

M
oJ

DI
D

DE
FR

A

FC
O

C.
Of

f

DC
M

S

HM
T

M
HC

LG

LR
eg

OF
ST

ED DI
T

C.
Co

m SF CP
S

G.
Le

g

FS
A

Na
tA

r

UK
EF

CM
A

OF
W

AT

OF
QU

AL SC

G.
Ac

c

SO NI
O

OR
ai

l

DE
xE

U

Fire & Insurance

Information & Communication

Construction

Transportation & Storage

PST

Administration & Support

Manufacturing

Real Estate

Public Admin & Defense

Other Service

Health & Social

Wholesale Trade

Extraterritorial

Arts, Ent & Rec

EFGSAC Supply

WSWMR

Accomodation & Food Service

Mining

Agriculture, Forestry, Fishing

Households as Employers
100

101

102

103

104

105

106

107

108

Pa
ym

en
t V

al
ue

 P
er

 F
ile

 (£
)

‘Tools for Transparency in Central Government Spending’
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‘The Role of Non-Profits in Public Health Service Provision’
With John Mohan

Adventures in Open and Assumption-Free Observational Research 21 / 44



Fun! Scientometrics Civic Technology Open Modelling PRNGs Machine/Deep Learning AOB Conclusion

2014 2016 2018 2020

2

3

4

5

6

7

Outsourcing %

Creeping Privatisation in England's NHS

Source: Raw CCG payments approximately matched to Companies House and the Charity Commission, then manually verified

‘Creeping Commercialization in the NHS’
By Ben Goodair and Aaron Reeves

Adventures in Open and Assumption-Free Observational Research 22 / 44



Fun! Scientometrics Civic Technology Open Modelling PRNGs Machine/Deep Learning AOB Conclusion

‘The decline and persistence of the old boy’
With Aaron Reeves, Sam Friedman. and Magne Flemmen
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‘The Legacy of Longevity: Inequalities in UK Life Expectancy 1500-2016’
with Aaron Reeves, Felix Tropf and Darryl Lundy
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Ongoing research (With Aaron
Reeves and Naomi Muggleton) uses
and probate records from 1858-1996.
The idea is to:

1. Scrape 800k .pdfs containing
24m probates: Done!

2. Preprocess images ready for
OCR: Done!

3. Run OCR on HPC in parallel:
Done!

4. Build lifetables to calculate e0 by
wealth at death...: Pending!
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Capitalising on a Crisis
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There are close links between ‘Open Science’ and
traditional modeling paradigms!

By opening research, we can examine the certainty
of statistical results.

Does 𝛽1 really equal 7.12452?

How can we "take the ‘con’ out of econometrics"?

Transparency and more computational procedures!
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Researcher

Include x2?

What's the association

between y and x1?
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CfC research project with DVI and JY

1. Make modelling
uncertainty more
transparent!

2. Incorporate all
multiverse tools in one
place!

3. Allow researchers to
do more rigorous
quantitative research!
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Pseudo-Random Number Generation (Cont.)

We want to consider possible variation independent of arbitrary
variation in seed choice.

This is an extremely important and scarcely research problem.

Pseudo-Random Number Generators occur everywhere!

The variation in estimand can be huge.

We bring attention to this through multiple types of replications.

Simulations, machine learning, topic modelling, and inferential
research.
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Problem Statement: By setting one seed, we have no idea
about the potential key variation of our estimand as a function
of how random numbers were generated. This is
computationally unintensive, but scientifically dour.

Solution: Visualize the outcome space of a of large number
(10k? 100k?) seeds simultaneously. This is computationally
intensive, but scientifically illuminating.

Replication: We can consider whether an original result is in
the tail of our distribution (or IQR?) or not.
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‘From a Seed of Doubt Grows a Forest of Uncertainty’
With Arun Frey, Jiani Yan and Mark Verhagen

Adventures in Open and Assumption-Free Observational Research 37 / 44



Fun! Scientometrics Civic Technology Open Modelling PRNGs Machine/Deep Learning AOB Conclusion

0 200 400 600 800
0

25

50

75

100

125

150

175

200

C
ou

nt
: S

ci
en

ce

   Seed 77:
  Topics = 82

a.

0 50 100 150 200 250 300
0

25

50

75

100

125

150

175

C
ou

nt
: N

E
JM

   Seed 77:
  Topics = 183

b.

0 200 400 600 800 1000 1200 1400
0

100

200

300

400

500

C
ou

nt
: P

N
A

S

   Seed 77:
  Topics = 35

c.

Histogram
Kernel Density

0 250 500 750 1000 1250 1500 1750

Number of topics

0

100

200

300

400

500

600

700

C
ou

nt
: N

at
ur

e

   Seed 77:
  Topics = 54

d.

0 20 40 60 80 100

Number of topics

0

20

40

60

80

100

120

C
ou

nt
: S

H
A

P
E

   Seed 77:
  Topics = 68

e.

0 10 20 30 40

Number of topics

0

20

40

60

80

100

120

140

C
ou

nt
: P

op
ul

at
io

n 
S

tu
di

es

   Seed 77:
  Topics = 25

f.

‘From a Seed of Doubt Grows a Forest of Uncertainty’
With Arun Frey, Jiani Yan and Mark Verhagen
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Introducing the InterModel Vigorish!

The InterModel Vigorish (IMV) is a dimensionless, log-likelihood
based metric that quantifies the additional predictive “edge” of an
enhanced model over a baseline.

1. Binary framework

2. IRT framework

3. SEM/CFA framework

4. ML/DL framework
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Am I Determined to be Who I am?
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ABMs of Healthcare Demand and Supply

Incoming HDS CDT studentship. The project will:

Design a working replica of the UK Healthcare System.

Primary, Secondary, and Social Care.

Calibrate this with ‘Big’ NHS data and UK census.

Embed agents with the LLMs for decision making abilities.

Match to moments of observed healthcare system.

Ideally, make this public-facing.
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Conclusion
I hope I’ve been able confer my excitement, enthusiasm and inspira-
tion for:

‘Assumption free’ health and social science.

‘Semi-structured’ data found ‘in the wild’.

Openness and Transparency in (Care) research.

An appreciation of how to better evaluate quantitative research,
uncertainty, and the value of ‘Openness’.

If just one more ‘open’ paper, program, design, or estimator enters
scientific record, everything here will have been worth while it ,.
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Thank you for attending!

Thank you to my collaborators!

Don’t hesitate to get in touch at:

charles.rahal@demography.ox.ac.uk

and

github.com/crahal!
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