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Abstract

This tutorial provides an overview of classical and machine learning methods for survival
modeling. We start with introducing the basic concepts of survival modeling using the
Cox proportional hazards model and the accelerated failure time model, highlighting their

Case study 16 on survival models available at What is the impact of GLP-1 weight loss drugs on
actuarialdatascience.org

age-standardized mortality in the US in 20 years?



DAV/DGVFM Jahrestagung 2026 Deutsche Deutsche Gesellschaft flr
Aktuarvereinigung e.V. Versicherungs-und Finanzmathematik e.\.

Where are survival models applied?

e Life & Health Underwriting

* Scenario testing, e.g., weight loss drugs
e US cancer registry SEER: Underwriting
e Pensioner mortality tables

* Unemployment times

e Public health

* Any other use case where time-to-event is
important, e.g., credit default, lapse, engineering, etc.

BMI

%
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Linear regression

y(x) = Bo + B1x1 + Baxy + -+ Byxy

OLS Regression Results

Dep. Variable:

y  R-squared: 8.738
Model: OLS Adj. R-squared: 8.734
Method : Least Squares  F-statistic: 184.4
Date: Fri, 15 Aug 2025 Prob (F-statistic): 8.17e-57
Time: 14:508:57  Log-Likelihood: -277.39
No. Observations: 200  AIC: 562.8
Df Residuals: 196 BIC: 576.@
Df Model: 3
Covariance Type: nonrobust
coef std err t P>|t] [@.025 9.975]
const 2.1888 ©.293 7.458 ©.000 1.61@ 2.768
x1 0.4899 ©.034 14.387 9.000 9.423 8.557
x2 -0.3280 ©.025 -13.149 ©.000 -0.377 -8.279
x3 1.1735 ©.068 17.172 9.000 1.039 1.3e8
Omnibus: ©.265 Durbin-Watson: 2.082
Prob(Omnibus): ©.876 Jarque-Bera (JB): 0.402
Skew: 08.864 Prob(3B): 9.818
Kurtosis: 48.1

2.822 Cond. No.
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Linear Regression Example

Data
—— Regression line

X1



Logistic regression
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p(x) = logistic(Bo+P1x1 + L2x3 + -+ + Puxn)

logistic(x) =

1

1+ exp(—x)

Logit Regression Results

No. Observations:

8.43e4
-66.445
-116.65
1.266e-21

Dep. Variable: y
Model: Logit Df Residuals:
Method: MLE  Df Model:
Date: Fri, 15 Aug 2825 Pseudo R-squ.:
Time: 14:48:34  Log-Likelihood:
converged: True  LL-Null:
Covariance Type: nonrobust  LLR p-value:
coef std err z P>|z|
const 8.9304 ©.915 1.e17 @.3e9
x1 0.8313 9.155 5.354 ©.000
x2 -8.6647 e.112 -5.961 e.eee
X3 1.1915 0.27e 4.413 ©.000

1]x1)

Probability P(y
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Logistic Regression Example

¢ DO @

Data (0 or 1)
—— Predicted probability

B TaRer . W O

X1

10
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Cox regression (the most common survival model)

h(t|x) = ho(t) exp(Bixy + Boxy + -+ + Buxuy)

Times t; and event indicators &; for individual i with covariates x1,, X2,i, X3,i

e Data consists of individuals i with 2]

00000000

« features xy i, X5, ... 2

e timet; 20 ©

=
Go

* eventindicator §;, where

o
(0leTe}

Individual
—
(8]

* §; = 0 denotes (right-)censoring

~
oe

« §; = 1 denotes, e.g., mortality R’ =

(o]e]

0o

* What is the distribution (CDF F, PDF f) of
survival time T?

R L s U1 ~100 D

Oo.

QO Censored

0 2 4 6 8 10
Time
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Cox regression (the most common survival model)

h(t|x) = ho(t) exp(Bixy + Boxy + -+ + Buxuy)

1.000
* Hazard rates h(t|x), correspond to force of mortality p,(t) in 007
continuous time and g, ; or m, . in discrete time '
0.950
*  Proportional hazards: h(t|x;)/h(t|x;) const. %
S 0.925
*  Survival probability function S(t|x), corresponds to ,p, e 0,900
o U,
Z 0875
° — — =]
S(tlx) =1 —F(t|x) 3 o850
. __9 f(t]x)
h(t|x) log S(t| ) St 0.825
0.800

DGVFM

Deutsche Gesellschaft flr
Versicherungs-und Finanzmathematik e.\.

Cox Proportional Hazards Example

X1 (20th percentile)
X1 (40th percentile)
—— x1 (60th percentile)
—— X1 (80th percentile)

0 2 4

10
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Cox regression (the most common survival model)

h(t|x) = ho(t) exp(Bixy + Boxy + -+ + Buxuy)

Baseline hazard rates h,(t) via

* Kaplan-Meier:

e Nelson-Aalen:

Coefficients 1, (35, ... via partial likelihood function
maximization (Breslow method for tied events)

-]

i:6;=1 j:tj=ti

SO = Teee (1-%)

di
H(t) = ZtiStn_i

exp(f1xy,j + )

Zk:tkztj exp(B1xyp + )

1.000

0.975

0.950

0.925

0.900

0.875

Survival probability

0.850

0.825

0.800
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Cox Proportional Hazards Example

X1 (20th percentile)
X1 (40th percentile)
x1 (60th percentile)
x1 (80th percentile)

10
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Cox regression (the most common survival model)

h(t|x) = ho(t) exp(Bixy + Boxy + -+ + Buxuy)

model

duration col

event col

baseline estimation

number of observations

number of events observed

partial log-likelihood

lifelines.CoxPHFitter

‘time*

‘event’

breslow

2000

178

-1248.33

time fit was run  2025-08-18 08:31:08 UTC

coef exp(coef) se(coef) coeflower95% coefupper95% exp(coef) lower 95% exp(coef) upper 95% cmp to

x1 009 1.09
x2 020 122
x3 004 104
Concordance
Partial AIC

log-likelihood ratio test

-log2(p) of ll-ratio test

0.01

0.15

0.02

067

2502.65

7286 on 3 df

4977

0.07

-0.09

0.00

0.11

0.50

0.07

107 112
091 164
1.00 1.08

lifelines summary

0.00

0.00

0.00

776

134

2.06

p -log2(p)
<0005 4671
0.18 246
0.04 467

1.000

0.975

0.950

0.925

0.900

0.875

Survival probability

0.850

0.825

0.800
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Cox Proportional Hazards Example

X1 (20th percentile)

X1 (40th percentile)

x1 (60th percentile)

x1 (80th percentile)

2

4

Time

10
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Cox regression (the most common survival model)

h(t|x) = ho(t) exp(Bixy + Boxy + -+ + Buxuy)

Cox Proportional Hazards Example

2 3 i 1.000
0.975
@ 0.950
x1 L o 2 0.925
- O
e
a 0.900
g
‘s 0.875
5
: Y 5.850 x1 (20th percentile)
x3 —0— x1 (40th percentile)
01 00 0.1 0.2 0.3 0.4 0.5 0.825  —— x; (60th percentile)
log(HR) (95% C.l) . 0800 x1 (80th percentile)
lifelines forest plot
0 2 4 ] 8 10
Time

10
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A bit of public health history

Lester Breslow (1915-2012), the father of Norman Breslow after whom the method was named

D r. Lester Breslow, a former dean of the UCLA Jonathan and Karin Fielding School of Public Health, professor emeritus of
health services, and one of the leading figures in public health for seven decades, died Monday. He was 97.

Breslow was a visionary public health figure with a well-established track record for being ahead of his time. As early as the
1940s, he linked tobacco use to disease in three studies that were later cited in the U.S. Surgeon General’s landmark 1964
report.

He is widely known for his early advocacy and research into health promotion and disease prevention. Breslow’s pioneering
Alameda County studies beginning in the early 1960s were among the first to show that simple health practices — such as
getting regular exercise and sleep, not drinking excessively, not smoking, and maintaining a healthy weight — add both years
and quality to life.

While these conclusions are taken for granted today, the idea of such a strong connection between lifestyle and health was
seen as "bizarre" at the time, Breslow noted decades later. He would smile when recalling the response of the National
Institutes of Health panel of scientists that reviewed the initial study proposal: "Unanimous rejection.” When the study was
completed, even Breslow was shocked at the magnitude of the results, which helped usher in current thinking about health and

fitness.

Source: https://ph.ucla.edu/news-events/news/memoriam-dr-lester-breslow-public-health-visionary y
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DATA CART
YOUR DATA EXTRACT
0 VARIABLES

HOME | SELECT DATA | MY DATA | SUPPORT 0 SAMPLES

CHANGE DAT/ DISPLAY
STR RE OPTIONS

201918 1716 1514 13 12 1110 09 08 07 06 05 04 03 02 01 00
XXXXXXXXXXX X XXX XXX XXX
XXXXXXXXXXX X XXX XXX XXX
XXXXXXXX ... . .
XXXXXXXXXXX X XX X XXX XXX
X

X

The dataset

‘:\:
&

ELP

SELECT SELECT VARIABLES
AMD " |||

* Data since 196
* 100k individua

e 500+ features:

economics’ he: As you may already be aware, on Friday, January 31, federal agencies removed public data and
documentation previously made available via public-facing federal government websites in

Dear Daniel,

XXXXXXXXXX X XX XXX XXXX

K X X
health, mortali response to administration directives. The types of data removed include large-scale population
. data sources that provide vital insight into the health and wellbeing of all communities. b
* Part of our dire L.

datasets at act We are writing to reassure you that IPUMS data remain available, and that IPUMS remains

XXXXXXXXX X X X X XXX XXX

committed to preserving and democratizing access to the world’s population data. XXXXXXXKKN X X X X X X X X X X

XXXXXXXXX X X X X XXX XXX

B XXXXXXXXX X XXX XXX XXX

o COHABEVMAR Cohabiting person ever married P . . .. XXXXXXXXX X XX X X XX XXX
(1] MARRIEDEV Ever been married P XXXXXX
(1] SPOUSESEX Sex of sample adult's spouse P XXXXXX
(4] SPOUSAGE Age of sample adult's spouse P XXXXXX
(4] PRTNRSEX Sex of sample adult's unmarried partner P XX XXXX

(4] PRTNRAGE Age of sample adult's unmarried partner P X XXXXX . L R

[+] BIRTHMO Month of birth P LCXXXXX X X X X X X X XXX

Source: nhis.ipums.org 12
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SHAP values

High
AGE —M————
oex -.+ sx [N ace, nirrvaee (G
HOURSWRK -*h vourswre [N ace. marsTAT [
ENENERINIGE -.+_ vear [N smokestatusz, aerrorT [N
MARSTAT *- smokesTaTus2 [ ace.eouc ([
HIPRIVATEE '.._" varsTaT [ ace.vear [
Epuc +" 17 nerivatee [ ace sex [R
USBORN —" eovc [l smokesTatusz, aLcavt [
VIG10DMIN —"' . ussorn [l Hourswrk, MarsTAT [
VIG10FWK ’_' ? BMICALC . BMICALC, earnings_quantile -
eamings_quantile +—-- g vicioomn i smokesTaTUs2, victoomin - [
BMICALC F - earnings_quantile . SEX, FAMKIDNO -
OWNERSHIP —o— nerrort [ sex, wervaree [
MOD10FWK + VIG10FWK I AGE, earnings_quantile -
AEFFORT + mootoomn [ ace, victoomn [
MOD10DMIN _’_.. recion ] micacc, accamt [
AFEELINTIMO +_, Famiiono micaLc, viciorwk [
REGION _._ acant || ace, smokesTarus2 [
ALEANT _4}___ ownersHiP ] rourswrk, aLcavt [l
. *I mootorwk [ smokestatusz, victorwk [l
' ' 2 o 000 001 002

I
-1

1 2

©

SHAP value (impact on model output)

00

02 04 06 08
Mean SHAP Main Effect

Mean SHAP Interaction
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M o d e Is Model Parameterization Comments Perform. Speed

. . AN M AN A A A A_A
Base g, h(t|x) = qu Only considering age V00000 L0000

x and sex
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Models

Light GBM

Model Parameterization Comments Perform. Speed

Base ¢, h(t| ) = qs Only considering age vl Trininin
x and sex

LGBM Sty | x) — S(ta | ) = fi™(x) Only for interval pre- V'’ mn’s  Irivninlr

diction in [f1,t2)

DGVFM
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M o d e I S Model Parameterization Comments Perform. Speed

. . AN__N AN v, AA_A__A
Base g, h(t| z) = ¢z Only considering age T7iiiriry  TO0L0000
 and sex

A

LGBM Sty | x) — S(ta | ) = f0™)(x) Only for interval pre- rieirin’e  rinininl
diction in [f1,£2)
Cox regression Cox h(t | ) = ho(t) exp(BTx) Proportional hazards, ririmns  Frininlnly
de facto standard
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Models

Accelerated
failure time
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Model Parameterization Comments Perform. Speed

Base ¢y h(t| ) = qu Only considering age Vrirmins Trininin
x and sex

LGBM Sty | x) — S(ta | ) = fO™(x) Only for interval pre- rir'mr’s  Vrinininl
diction in [t1,t2)

Cox h(t | x) = ho(t) exp(BTx) Proportional hazards, 7rirm s rininin
de facto standard

AFT T = exp(e) exp(BTx) Incl. Weibull (AFT winininy frininin

and PH), scales T’

DGVFM
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M o d e I S Model Parameterization Comments Perform. Speed

. . AN__N AN A A_A_A__A
Base g, h(t| z) = ¢z Only considering age T7iiiriry  TO0L0000

x and sex
LGBM Sty | ) — S(ta | ) = fi™)(x) Only for interval pre- Vrimrin’s  rllalnle
diction in [f1, £2)

Cox h(t | ) = ho(t) exp(BTx) Proportional hazards, vrir'n'n’s  Frinlninl
de facto standard
AFT T = exp(e) exp(BTx) Incl. Weibull (AFT ririalals  rinininle
and PH), scales T
Survival trees ST S(t | x) = Sy (1) Kaplan Meier curves oy Lririmims

at tree leaves £



Models

Random
survival forests
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Model Parameterization Comments Perform. Speed

Base ¢, h(t| x) = qu Only considering age vrimmnr Trininin
x and sex

LGBM S(t1 | ) — S(ta | &) = fU)(x) Only for interval pre- V'r'm'r'ns  Vriininlr
diction in [¢1, t2)

Cox Rt | x) = ho(t) cxp(BTx) Proportional hazards, 7r'n'n'n'r  Vrinininr
de facto standard

AFT T = cxp(e) exp(BTx) Incl. Weibull (AFT Yoinnns drinaine
and PH), scales T’

ST S(t]ax) = Sya)(t) Kaplan-Meier curves 7rininin's  vrininins
at tree leaves £

RSF S(t|x):=% Y2 S (@ (t) Ensemble of trees, vrininiac il

smooth predictions
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M o d e I S Model Parameterization Comments Perform. Speed

. . AN__N AN A__A__A__A
Base ¢, h(t| x) = qu Only considering age T7iiiriiy T

x and sex
LGBM St | ) — S(ta | ) = O (x) Only for interval pre-
diction in [¢1, E2)

Cox h(t | &) = ho(t) exp(B8Tx) Proportional hazards, 7r'n'n'n'r  Vrininliny
de facto standard
AFT T = cxp(e) exp(BTx) Incl. Weibull (AFT Yririnins sriminins
and PH), scales T
ST S(t]x) = Sya)(t) Kaplan Meier curves vrin'n'n'r  vrin'nlns
at tree leaves £
RSF S(t|x):=% Y2 S (@) (t) Ensemble of trees, Tririninlr inlelalalr
. smooth predictions
Gradient boosted GBST h(t | ) = ho(t) exp(f™) (x)) Refining trees series vririmn’s  rialnlnls

survival trees (scikit) 7O, f1) Fm)
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M o d e I S Model Parameterization Comments Perform. Speed

. . AN__N AN A__A__A__A
Base ¢, h(t| x) = qu Only considering age T7iiiriiy T

x and sex
LGBM S(t1 | ) — S(ta | &) = fO™(x) Only for interval pre-
diction in [¢1, E2)

Cox h(t | &) = ho(t) exp(B8Tx) Proportional hazards, 7rir'n'n'r  Vrininliny
de facto standard
AFT T = cxp(e) exp(pTx) Incl. Weibull (AFT Yririnns Yo
and PH), scales T
ST S(t]x) = Sya)(t) Kaplan Meier curves vrin'n'n's  vrininlns
at tree leaves £
RSF S(t|x):=% Y2 S (@) (t) Ensemble of trees, Trinininlr  fnininlnly
smooth predictions
GBST h(t | ) = ho(t) exp(f™) (x)) Refining trees series vrin n'n'r  vininlnlny
G . f(ﬂ),f(l)’ . _7f(m)
radient boosted A e
XGB h(t | &) = ho(t) exp(f™)(a)) Refining trees series iy TOoiong

survival trees (XGB) 7O f(1) Flm)
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M o d e I S Model Parameterization Comments Perform. Speed

. . AN__N AN A A_A_A__A
Base ¢, h(t| z) = gz Only considering age T7iiiriiy T

z and sex
LGBM Sty | ) — S(ta | ) = fi™)(x) Only for interval pre- Vrimrin’s  riininlr
diction in [¢1, E2)

Cox h(t | &) = ho(t) exp(B8Tx) Proportional hazards, vrir'n'n's  Frininlinl
de facto standard

AFT T = exp(e) exp(BTx) Incl. Weibull (AFT rin’ninlyr  fninininlr
and PH), scales T

ST S(t | x) = Sy (1) Kaplan Meier curves vrininin’s  frinlalnls
at tree leaves £

RSF S(t|x) =% 2 S () (1) Ensemble of trees, vrinininy
smooth predictions

GBST Rt | ) = ho(t) exp(f™ (x)) Refining trees series rivimos  rinlnnly
FO @ plm)

XGB h(t | @) = ho(t) exp(f™ (z)) Refining trees series riririnle  Trlnleinly
FO_ @ pm)

Deep survival DeepSurv  h(t | &) = ho(t) exp(ze(x)) Replacing f™ by a  {rivlelns  drieinly

neural network zg



Models

DeepHit
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Model Parameterization Comments Perform. Speed

Base ¢, h(t| x) = qu Only considering age vriririns Trinininl
x and sex

LGBM S(t1 | ) — S(ta | &) = fU™)(x) Only for interval pre- Vr'm'r'n’sr  Vrlininlr
diction in [¢1, £2)

Cox h(t | z) = ho(t) cxp(BTx) Proportional hazards, 7r'n''n'r  Vrinininy
de facto standard

AFT T = cxp(e) exp(BTx) Incl. Weibull (AFT Yririnns drinnins
and PH), scales T’

ST S(t]x) = Sya)(t) Kaplan Meier curves 7rinin'n's  vrininins
at tree leaves £

RSF S(t|x):=% Y2 S (@) (1) Ensemble of trees, vrinirinc il
smooth predictions

GBST h(t | ) = ho(t) exp(f™) (x)) Refining trees series Trininin's  vninlnlns
FO_ @ pm)

XGB h(t | ) = ho(t) exp(f™) (x)) Refining trees series vrininins ol
FO @ pm)

DeepSury  A(t | &) = ho(t) exp(za(x)) Replacing f(™ by a drininnls  drininlinl
neural network zg

DeepHit  Time-discretized f(t | x) Neural network, al- Yrinininly  Pninin'sr

lows competing risks

DGVFM
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M o d e I S Model Parameterization Comments Perform. Speed

. . AN__N AN A A_A_A__A
Base ¢, h(t| z) = gz Only considering age T7iiiriiy T

x and sex
LGBM S(t; | ) — S(ta | ) = fi™)(x) Only for interval pre- Vrim’r’n’r  Lrlininlr
diction in [f1, £2)

Cox h(t | ) = ho(t) exp(B8Tx) Proportional hazards, vrir’nin’s  Frinininl
de facto standard
AFT T = exp(e) exp(BTx) Incl. Weibull (AFT ririalals  rinininle
and PH), scales T
ST S(t | x) = Sy (1) Kaplan Meier curves i Toininns
at tree leaves £
RSF St|z) =432 Sm (@) (®) Ensemble of trees, rinininy i
smooth predictions
GBST h(t | &) = ho(t) exp(f™ (x)) Refining trees series i or  rlelnnly
FO @ plm)
XGB h(t | ) = ho(t) exp(f™) (x)) Refining trees series Yriminims Yooy
FO @ fplm)
DeepSurv  h(t | ©) = ho(t) exp(ze(x)) Replacing f(™ by a Yoioinns yoiniain
neural network zg
DeepHit  Time-discretized f(t | x) Neural network, al- Yrinininly  Pninin'sr
. lows competing risks
Deep survival DSM Mixture of, e.g., Weibull Neural network, al- Yrimney Trnnsy
machines

lows competing risks
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M o d e I S Model Parameterization Comments Perform. Speed

. . AN__N AN A A_A_A__A
Base ¢, h(t| z) = gz Only considering age T7iiiriiy T

x and sex
LGBM St | ) — S(ta | ) = f™(x) Only for interval pre- rir'nn’s  rininln
diction in [¢1, £2)

Cox h(t | &) = ho(t) exp(B8Tx) Proportional hazards, vririnn’s  Frininlinl
de facto standard

AFT T = exp(e) exp(BTx) Incl. Weibull (AFT rin’ninly  dninininly
and PH), scales T

ST S(t | x) = Sy (1) Kaplan Meier curves vrinimin’s  frinininls
at tree leaves £

RSF S(t|x):=% Y2 S () (1) Ensemble of trees, vriririn vrinlininl
smooth predictions

GBST Rt | ) = ho(t) exp(f™ (x)) Refining trees series Triririos  rinininls
FO @ plm)

XGB Rt | &) = ho(t) exp(f™ (x)) Refining trees series Triririns riniainle
FO @ pm)

DeepSurv At | ) = ho(t) exp(zg(x)) Replacing f™ by a iy friniainly
neural network 2y

DeepHit  Time-discretized f(¢ | x) Neural network, al- oieielels  Vriaialale
lows competing risks

DSM Mixture of, c.g., Weibull Neural network, al- Yiwiny Yl
lows competing risks

Transformer-based TSM Time-discretized f(t | x) Neural network, use of  Vrimimns  Vrnnns

survival models s
covariates’ history
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Partial dependence plots + accumulated local effects

Cox: Partial Dependence Plot for BMICALC Cox: Accumulated Local Effects for BMICALC XGB: Partial Dependenca Plot for BMICALC XGB: Accumulated Local Effects for BMICALC
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Ground truth vs. predictions on a synthetic dataset

Base gx LightGBM XGBoost
b 0
0
- i
22 B 2 £ -2
s s £
% 5 g 3
g -3 E g
2 o -4 g
8 8 &
g 3 g~
5 8 g
8 H g
a -5 g6 o
F
- p -6 ,
-8
=T
-7
-8 - -4 2 0 -8 - -4 -2 0 - GH6 d truth o rtall N ’
Ground truth log mortality Ground truth log mortality round truth log mortality
Cox Survival Trees DeepHit
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Strong clinical trials, long-term effectiveness pending

Semaglutide

(Ozempic/ Wegovy)

Tirzepatide
(Mounjaro/
Zepbound)

In the head-to-head study over 72 weeks:

Weight lost (kg) y 15.0 22.8
Weightloss (%) } 13.7 20.2
Waist V130 18.4
circumference (cm)

BMI points y 53 8.0

Additional improvements in blood pressure, HbA1c
and cholesterol markers were seen in both drugs but
superior for tirzepatide.

Q Tirzepatide beat semaglutide in every category

’) Between 39% (semaglutide) and 18%
(tirzepatide) participants lost <10% weight

Clinical trial results do not directly translate into
real-world results. Longer-term considerations
include drug adherence and sustained weight loss.
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Started as niche diabetes treatment, became big business

Future trends in drug development

Heavy guy, light appetite: this
gila monster eats a few times
a year, slowly digesting his
food thanks to his naturally
long-lasting GLP-1 hormone

More targets: semaglutide: 1 target.
Tirzepatide: 2 targets. New drugs: 2-
3+ targets and/or combinations

Different doses: today the standard
is weekly injections. Trials are for
fortnightly or monthly injections

Fast weight loss: companies are
targeting headline large losses of
weight over as little time as possible

CURRENTLY USED

Ozempic/Wegovy Q Zepbound/Mounjaro
Previous generation Semaglutide (2021) A Tirzepatide (2023) g’,@%,
medications novo nordisk
Format: once-weekly Format: once-weekly

injectable injectable

IN DEVELOPMENT
b e o
orglipron
Rybelsus novo nordisk” Others

- multitude of developers trialing

Year: 2025 — approved for diabetes,

Year: 2025 — phase 3 clinical trial different receptors. dosages. regimes
pending approvalfor weight loss Format: daily oral tablet and delivery mechanisms
Format: daily oral tablet
MariTide AMGEN AZD5004 AstraZeneca CT-996
Year: 2024 — phase 2 clinical trial
Format: monthly injectable Year: 2024 — phase 1 clinical trial Year: 2025 — phase 1 clinical trial

Format: daily oral tablet Format: daily oral tablet

How they work: slow gastric emptying, feeling of satiety, reduce calories
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Metabolic health model

Data inputs Modelling output

BMI distribution and relative « Population: general and insured
mortality risk by age, SES, country « Countries: US. China. UK

E=27.3 . i
std = 6.8 Expert elicitation on ° Tlmeframe 2025 - 2045
[ BMI & GLP-1

e Scenarios:
1. Best estimate
2. Optimistic

> 3. Pessimistic
* Methodology: simulates 100k

individuals with a given age,
SES, BMI, SBP, etc.

3.0

20

Literature review on - Output: aggregates total relative

e all factors mortality risk distributions

1.0
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Mortality reductions in US general population

&L 6,4%
0 Broad starting health: US general population
6% has a wide range of health statuses
5%
S Lifestyle changes: behavioural adaptions
4% ium- - [
0% /< sbl;f]z?i;tsmedlum and long-term mortality
3%
20, 2,3% \
0 (o)
15 2.8% “ Age: middle-aged population is expected to
1% °F MMM  sce the largest mortality benefits
0,8%
0%
2030 2035 2040 2045 /, Greatest opportunity: widespread metabolic
Pessimistic Best Estimate Optimistic 5 |:||:| health changes would see substantial public

health improvements
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