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Health inequalities are pervasive
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Source: Eurostat. Note: Not a selective subset – this is for all countries measured. Differential measured as life expectancy for those with ‘Tertiary’
education minus life expectancy of those with ‘Less than primary, primary or lower secondary’ education.
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Health inequalities are persistent
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Long-run individual mortality evidence is rare
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Until recently, historical evidence had arrived as snapshots

Health By Wealth: Computational tools and population level data uncover substantial inequalities in health over the very long run 5 / 33



Intro Probate Data Death Registry Analysis Genealogies Thanks!

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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Probate records are an underused resource

“Although imperfect in several respects the probate valuations offer compre-
hensive and objective information on the personal wealth of the entire British
population in the modern period. They are, moreover, probably unique among
advanced industrial nations in presenting probate valuations for the whole
population. . . It is a mystery why so little use has been made of them”

Rubinstein, William D. “Wealth, Elites and the Class Structure of Modern Britain.” Past &

Present 76, no. 1 (1977): 99–126.

“Future research that can fully exploit the rich individual level detail of the
PPR entries has great promise.”

Cummins, N. (2021). “Where is the middle class? Evidence from 60 million English death and

probate records, 1892–1992.” The Journal of Economic History, 81(2), 359–404.
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Probate records measure estates at death

The Probate Registry Calendar is a digitised collection of all the
wills proved in the UK between 1858 and 1995.

With very few exceptions (e.g., members of the royal family), all
individuals who have left behind inheritance are listed in probate
records.

Wills: individuals who have formally expressed a wish for their estate
(big or small).

Administration: where a will was not created, but the estate was
valued at (in today’s money) ≈£5,000.

Raw probate extract, 1858–1992: 17,077,740 person records.
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Probate thresholds changed over time

Years Nominal probate threshold Source

1858–1900 £10 Turner (2010, p. 628)

1901–1931 £50 Turner (2010, p. 628)

1932–1964 £100 Atkinson and Harrison (1978, p. 36)

1965–1974 £500 Atkinson and Harrison (1978, p. 36)

1975–1984 £1,500 Atkinson and Harrison (1978, p. 36)

1984– £5,000 Turner (2010, p. 628); Alvaredo, Atkinson, and
Morelli (2018, p. 29); Atkinson, Atkinson, and
Morelli (2017, p. F8); Karagiannaki (2015, p. 187)

Source: Cummins, Neil. 2021. “Where Is the Middle Class? Evidence from 60 Million English Death and Probate Records, 1892–1992.” The
Journal of Economic History 81(2): 359–404, Table 1. DOI: 10.1017/S0022050721000164.
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Probate also captures modest estates

John Croxton; a labourer who died in December 1854 and left £5 (£600
today) to a farmer.

Lionel Abbot; a commercial clerk who died in 1924 and left £65 (£4,000
today) to his son.

Susannah Chilvers; a widow who died in 1964 and left £211 (£4,000
today) to her bricklayer son and homemaker daughter.
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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

Health By Wealth: Computational tools and population level data uncover substantial inequalities in health over the very long run 21 / 33

Riffe, T. et al. (2019). DemoTools: An R package of tools for aggregate demographic analysis. [R package]. URL: https://github.com/timriffe/
DemoTools/

github.com/reeves-projects/health-wealth
https://github.com/timriffe/DemoTools/
https://github.com/timriffe/DemoTools/


Intro Probate Data Death Registry Analysis Genealogies Thanks!

Probate and non-probate deaths differ by age
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We estimate cohort life expectancy by wealth
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Robustness checks vary cohorts and smoothing

1845 1860 1875 1890
Birth Cohort

(Year of Birth)

40

44

48

52

56

60

Lif
e 

Ex
pe

cta
nc

y (
e 5

0)
M

ale

a.
Top 1%
All Other Probate

Non-Probate
All Data

1845 1860 1875 1890
Birth Cohort

(Year of Birth)

40

44

48

52

56

60

Fe
m

ale

b.

1845 1860 1875 1890
Birth Cohort

(Year of Birth)

40

44

48

52

56

60

To
ta

l

c.
Top 1%
All Other Probate

Non-Probate
All Data

Health By Wealth: Computational tools and population level data uncover substantial inequalities in health over the very long run 24 / 33



Intro Probate Data Death Registry Analysis Genealogies Thanks!

Inequalities are visible across benchmark cohorts
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The wealth gradient persists at older ages
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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

38 40 42 44 46 48 50 52 54
Life Expectancy Metric (e20)

(Female)

1.00

1.25

1.50

1.75

In
eq

ua
lity

 M
et

ric
 (h

)
(F

em
ale

)

Min h: 1.50
Year: 1848

Min h: 1.24
Year: 1846

Min h: 0.92
Year: 1846

Max h: 1.75
Year: 1896

Max h: 1.56
Year: 1874

Max h: 1.31
Year: 1896

a.
Top 1%
All Other Probate
Non-Probate

39 42 45 48 51 54 57 60
Life Expectancy Metric (e20)

(Male)

0.9

1.2

1.5

1.8

In
eq

ua
lity

 M
et

ric
 (h

)
(M

ale
)

Min h: 1.51
Year: 1846

Min h: 1.49
Year: 1846

Min h: 0.95
Year: 1847

Max h: 1.94
Year: 1896

Max h: 1.76
Year: 1896

Max h: 1.37
Year: 1895

b.
Top 1%
All Other Probate
Non-Probate

Health By Wealth: Computational tools and population level data uncover substantial inequalities in health over the very long run 29 / 33



Intro Probate Data Death Registry Analysis Genealogies Thanks!

WikiTree adds intergenerational context

Collaborative genealogy platform for
family-tree research.

Users contribute to one shared global family
tree.

API access covers 36 million records
globally.

This lets us stratify e0 by parental wealth at
death.

Why genealogies matter: wealth at death mixes lifetime resources with late-life spend-down
or accumulation. Parental wealth lets us ask the life expectancy of people born into wealth.
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Parental wealth links genealogy to mortality
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Wealth predicts who reaches old age, how long they live,
and how advantage carries across generations.

1. Probate is selected, not neutral.
Probate deaths are older; the wealthiest are
shifted furthest towards later ages.

2. Own wealth predicts life expectancy.
Cohort life tables show a durable gradient across
benchmark cohorts and robustness checks.

3. Gaps persist at older ages.
Survival probabilities and e50/e80 estimates
locate where inequality remains visible.

4. Family wealth adds context.
WikiTree links move the analysis from personal
estates to parental wealth.

The project turns administrative records into a population-scale account of health inequality
over the very long run.
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Thanks to all the wonderful collaborators!
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