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Artificial Intelligence & Machine Learning
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Introducing Al into mortality prediction

The Tatva & X
@thetatvaindia - Follow

A groundbreaking new ChatGPT-like artificial
intelligence system trained with the life stories of
over a million people is highly accurate in predicting
the lives of individuals as well as their risk of early
death, according to a new study.

This Al system, named "life2vec,” Show more

B
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New Al model can predict your time
of death with high accuracy, trained
on millions of humans

The Al being built by scientists in Denmark is similar to ChatGPT.

6:42 AM - Dec 21, 2023 ®
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Source: Life2vec-ai

Neuroscience News X
N @NeuroscienceNew - Follow

A new study unveils Al's power to forecast personal
futures. Life2vec model analyzes millions of data
points, pushing ethical boundaries in Al's role in
society.

neurosciencenews.com/ai-life-event-...
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Obstacles, hype & fakes
Our Statement

The only official webpage (i.e., maintained by the paper’s authors) for the
life2vec model described in Nature Computational Science. The paper has
gone viral, and it is essential to clarify that much of the viral coverage
misrepresents the model's capabilities, including claims that the model can
predict the time of death, financial status, or health condition. Additionally,

many sources falsely claim that the model is publicly available online.

We, the paper's authors, aim to clarify certain aspects of our model and
prevent the public from being misled by counterfeit services, such as the so-
called Al Doom Calculator, Telecharger, Intelligent Death Al, Death Predictor,

etc. In the FAQ below, we try to explain what the paper actually says.

But first, a warning: We are aware of social media accounts and at least
one fraudulent website claiming to be associated with the life2vec model.
We are not affiliated with these or any other entities that claim to use

our technology.

Source: Life2vec.dk

OFFICIAL SOURCE
USING SEQUENCES OF

LIFE-EVENTS TO
PREDICT HUMAN LIVES "™

Institute
and Faculty
of Actuaries

6 October 2025


https://life2vec.dk/

Mapping life determinants in concept space
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The world of data - electronic health records (eHR)

OpenSAFELY

THIN biobank'

neNT Enabling scientific discoveries that improve human health

build b xﬁp“‘ﬂtl(ﬂl health

ation for research
= DatalLab

@RESEARCH
- .

GENERATING NEW KNOWLEDGE
TO IMPROVE PATIENT CARE

OpenSAFELY is a collaboration between TPP,
London School of Hygiene & Tropical
Medicine, and Oxford University DataLab. The
initial aim of the project was to design a way
to analyse pseudonimised patient data
without moving it from TPP’s servers, allowing
researchers to identify risk factors which
contribute to Covid deaths. Research using
this method is ongoing, with a particular focus
on Covid during the pandemic.

Read more about OpenSafely here.

‘ UK data driving real-world evidence
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Evolving structure of eHR databases
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Using patient histories to predict the future
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Source: Longitudinal histories as predictors of future diagnoses of domestic abuse: modelling study. 2009
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Using eHR to build patient journeys & treatment pathways
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https://www.iqvia.com/-/media/iqvia/pdfs/library/fact-sheets/iqvia-patient-journey-and-smart-targeting-fact-sheet.pdf

Benefits of machine learning to clinicians

* Al Voice Assistants
— Voice notes uploaded directly to eHR in real time

— Capture all audio in room and use NLP to focus on medical terms

 Clinical Decision Support & Predictive Analytics

— Google’s DeepMind project with US Department of Veteran Affairs to predict Acute Kidney Injury
up to 48 hours earlier with 90% accuracy

* Clinical Trial Matching

— Using NLP text mining to identify relevant patient cohorts within minutes, whereas previously
clinical research co-ordinators used to take months to manually compare eHR
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Source: Google DeepMind using Al to give doctors a 48-hour head start on life-threatening illness, 2019
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Learning about human disease — Delphi-2M & UK Biobank
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https://www.nature.com/articles/s41586-025-09529-3

Learning about human disease — Delphi-2M & UK Biobank
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How fast does the Grim Reaper walk? Receiver
operating characteristics curve analysis in healthy men

aged 70 and over
EEE] oPen access

Fiona F Stanaway research fellow', Danijela Gnjidic research fellow®**, Fiona M Blyth deputy
director, Concord Health and Ageing in Men Project”**, David G Le Couteur professor of geriatric
medicine®*®, Vasi Naganathan staff specialist, associate professor™*, Louise Waite staff specialist™,
Markus J Seibel professor of endocrinology®, David J Handelsman director, professor™®, Philip N
Sambrook professor®”, Robert G Cumming professor of geriatric medicine and epidemiology'**

'Sydney School of Public Health, Llwersny of Sydney, Sydney, Australia; *Sydney Medical School, University of Sydney, Sydney, Australia;

n of Clinical F of Aged Care, Royal North Shore Hospital, Sydney, Australia; *Centre for Education and
Research on Ageing, Concard Hnsplta. Syd\ey,ﬁnstl&a *Sax Institute, Sydney, Australia; "ANZAC Research Institute, Concord Hospital, Sydney,
Australia; "Kolling Institute of Medical Research, Institute of Bone and Joint Research, Royal Morth Shore Hospital, Sydney, Australia

Abstract

‘Objective To determine the speed at which the Grm Reaper (or Death)
walks.

Design Population based prospective study.

Setting Older community dweling men living in Sydney, Australia.
Participants 1705 men aged 70 or more participating in CHAMP
(Concord Health and Ageing in Men Project).

Main out Walking speed (mis) lity. Recever
operating characteristics curve analysis was used to calculate the area
wnder the curve for waking speed and determine the walking speed of
the Grim Reaper. The optimal walking speed was estimated using the
“Youden index (sensitivity +specificity-1), 2 common summary measure
of the receiver operating characteristics curve, and represents the
maximum potential effectiveness of a marker.

Results The mean waking speed was 0.88 (range 0.15-1.60) m's. The
highest Youden index (0.203) was observed at a walking speed of 0.82
m's {2 miles (about 3 km) per hour), comesponding to 8 sensitivity of
3% and a speciicity of 705 for mortality. Survival analysis showed that
odder men who walked faster than 0.82 m/'s were 123 times less likely
1o die (85% confidence interval 110 to 1.37) than those who walked

indhcating that no men with waking speeds of 1.36 m/'s or greater had
contact with Death.

Conclusion The Grim Reaper's preferred walking speed is 0.82 m/s (2
miles {gbout 3 km) per hour) under working conditions. As none of the
men in the study with walking speeds of 1.36 m/s (3 miles (sbout 5 km)
per hour) or greater had contact with Death, this seems to be the Grim
Reaper's most likely maximum speed; for those wishing to avosd their

allotted fate, this would be the advised walking speed.

Introduction

The Grim Reaper, the personification of death, is a well known
mythological and literary figure.”* Reported characteristics
include a black cloak with cowl, a scythe, and cachexia. High
quality scientific research linking the Grim Reaper to mortality
has been scarce, despite extensive anecdotes.

‘Walking speed is a commonly used objective measure of
physical capability in older people, predicting survival in several
cohort studies.”” A recent meta-analysis found that being in the
lowest fourth of walking speed compared with the highest was
associated with a threefold increased risk of mortality.*
Moreover, the association between slow walking speed and

0 slower (P=0.0003). A sensitivity of 1.0 was obtained when a walking maortality seems consistent across several ethnic groups an
0 0.2 0.4 0.6 0.8 1.0 spee ot 135 i @ e ou 5 ko orreserwam e, seiion , and Faculty
' a ;59 i
Source;: How fast does the Grim Reaper walk? 1-specificity o 1010 Gy dariele i samsss | Of Actuaries
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Using Al to predict mortality from activity trackers (2025)
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Growth of deep learning in investigating eHR databases
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https://www.nature.com/articles/s41746-020-0301-z

Real-world use of deep learning to improve predictions
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Use of machine learning to identify patient cohorts
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https://academic.oup.com/jamia/article/30/2/367/6839857?login=false

Use of machine learning to unlock value from free text
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Generation of synthetic patient datasets

Synthetic patient trajectory
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https://www.nature.com/articles/s41746-023-00822-x
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Why does this matter to actuaries?

General Features

The patient data pipeline « Better insights for pricing/reserving

el ‘ — Improved predictions of critical illness events

Niall Fennelly sets out key lessons around electronic health records for insurance, and explores what the i i

future could hold — Severity data to support partial payments

— Matched cohorts illustrating disease progression to death
— Quantifying prevalence and impact of disease interactions

— Assessing missed benefits through poor adherence

* Future impact on trends
— Increase efficiency and credibility of clinical trials

— Better targeting of treatments

Have you ever peered around your GP's computer screen to see what software they use? Or pondered a future where your health - Improve Cl I nlcal gU Idance, reﬂeCtlng deeper UnderStandlng Of
insurer notifies you via smartwatch that your blood pressure is unusually high (perhaps due to year-end reporting)? During the past d . .
isease and risk factors

few months, the Electronic Health Records (EHRs) Working Party has been working with underwriters and academics to gain a
better understanding of what EHRs mean for the UK insurance industry, and how this area might evolve in the coming years.
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https://www.theactuary.com/features/2021/10/04/patient-data-pipeline

The views expressed in this presentation are those of the presenter.
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