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Historical evidence arrives as snapshots

Liverpool, 1840

Chadwick studied Liverpool deaths.

Professionals: average age 35.

Tradesmen: average age 22.

Labourers: average age 15.

Mortality tracked class position.

Whitehall studies

Civil servants followed prospectively.

Lower rank, shorter lives.

Mortality rose down hierarchy.

Gradient persisted after retirement.

Risk factors explained part.

These are powerful comparisons, but not linked individual histories.
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Collecting probate meant scraping at national scale

Stage Step
1. Set up 138 virtual machines (EC2, AWS) - one for

each year.
2. Sent requests1 at a rate of – on average – one re-

quest every 10 seconds (plus or minus noise).2

3. Use wildcard search to rattle through all surnames
between Aa* and Zz*.

4. Save image in AWS S3 bucket for processing.

Result: 1 million pages of probate records (or, stacked horizontally. . . )

1With friendly user agent message providing contact details.
2This is well within normal traffic for server and abides by robots.txt guidelines.
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Computer vision turns scans into usable records

1. Invert colours if black pixels > white pixels

2. From greyscale to binary (black-white)

3. Calculate angle of pixels and deskew

4. Blob removal (e.g., ink blots)

5. Margin detection using Gaussian Process Regression

6. Remove handwriting; keep typewriting

7. Speckle removal (e.g., dust)

8. Bounding boxes around each entry

9. Resize page based on optimal extractiona

aHuge thanks to RAs who created training set per
year!
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OCR and rules extract names, dates, places, wealth

ABLETT, Josephine Ann of

16 Byron Sa Trumpington

Cambridge died 1 Febrwry

1990 Probate Bristol

1g March Not exceeding

£100000 908060171GF

ABLETT, Josephine Ann of

16 Byron Sq Trumpington

Cambridge died 1 February

1990 Probate Bristol

19 March Not exceeding

£100000 908060171GF

Name: Josephine Ann Ablett

DOD: 1 February 1990

Address: Cambridge

Wealth: £100,000
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FreeBMD captures death-record fields

Surname: Burrows

Given name: Mary A.

Age at death: 95

District: Ipswich

County: Suffolk
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The key link is wealth record to death record

surname name middlename location dod wealth

ackroyd william herbert ruislip 02-03-1940 5898

acland arthur charles cheltenham 26-11-1939 3025

acock john <NA> bristol 03-01-1940 543

acomb thomas nicholson york 22-03-1940 585

probate
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Life tables turn linked deaths into survival estimates

We stress-test results across cohorts, wealth groups, matching rules, and smoothing
choices.

We estimate 9,720 life-table specifications.

We use single-year ages, not abridged life tables.

Sparse late-age deaths can make unsmoothed life tables fail.

pclm smoothing handles sparse cells where needed.

Python 3.12 code will be released with the pre-print:

github.com/reeves-projects/health-wealth
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Simple Age at Death
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Probate and non-probate deaths differ by age
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We estimate cohort life expectancy by wealth
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The wealthiest deaths are shifted to older ages
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Survival probabilities expose where gaps emerge
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Lifespan inequality changes with wealth
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Parental wealth links genealogy to mortality
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Thanks to all the wonderful collaborators!

Health By Wealth: Computational tools and population level data uncover substantial inequalities in health over the very long run 20 / 20


	Intro
	

	Probate Data
	Death Registry
	Analysis
	Genealogies
	Thanks!

	anm0: 
	0.11: 
	0.10: 
	0.9: 
	0.8: 
	0.7: 
	0.6: 
	0.5: 
	0.4: 
	0.3: 
	0.2: 
	0.1: 
	0.0: 


