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Agenda

* Understanding our data - start with the evidence

 Common example: Kaplan-Meier survival data

e Convert survival to risk profile

* Fit distribution to the survival data (in TP or statistical software)
* Hazards and extrapolation

* What does the evidence actually represent?

* Using the clinical data for general survival decline

* Using the clinical data for a single event risk

* Calibrate event-driven model to general survival
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Understand our data

* Building models requires that we first understand our data...

* What evidence do we have?

e \What does that evidence represent?

e \What model approach fits?

e How do we use the data within our model?
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Start with the evidence

* Different evidence sources imply different modeling choices

* Kaplan-Meier curves or tables = Our focus today
* Patient-level data

* Fitted distributions

* Published probabilities and hazard ratios

* Treatment effects and clinical event data
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Common example: Kaplan-Meier survival data

* Observed survival often needs representation and extrapolation
before it drives a model

* Observed clinical survival represents the e
impact of cumulative risk over time
* Implies a changing risk over time

* Requires a proper representation of the
health risk for use in your model

* Often requires extrapolation beyond
observed period
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Convert survival to changing risk (hazard)

* TreeAge Pro can convert the survival to hazard for use in all model
types
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* When the converted hazard is applied . ™~ B -
over time, it results in the survival which " TS e
matches well with the observed survival — “amegeesss |

 Overlaid in the top graph e + -

i rs
0.065 New Table Name: KM_OS_Hazar
0.06
. . . 0.055 © Averaging
» Survival 2 Hazard - Resulting Survival Fous T s
§ 0045
£ o004 Number of Points: 10
0035
0.03 Interpolation of missing values
0025 T
0.02
0015 oL rpolation
02 46 81012 28

CCCCCC

”TREEAGE In TP: convert table 6

S OFTWARE, LLC



Convert survival to risk profile (hazard)

* Compare survival from the converted hazard to the original
observed survival data in the Survival Plot

Survival Graph

onve
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* The converted hazard table prgvides flexibility to use it in multiple
ways to drive disease progression in models
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Fit distribution to the survival data

* Modelers frequently fit distributions to observed data, then use
the distributions to extrapolate risk into the future

* This can be done using...
* TreeAge Pro’s Fit Distribution function (curve fitting)
» Statistical software regression analysis — SAS, Stata, R

* Either way, the fitted distribution can be used to drive disease
progression in your model
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Fit distribution to the survival data in TreeAge Pro

* TreeAge Pro uses curve fitting to generate distributions that match
the observed data
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Fit distribution to the survival data externally

* If your distribution is determined by regression analysis, create the
TreeAge Pro distribution with the appropriate type and parameters
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Hazards and Extrapolation

* While all the representations of hazard may match the observed
period well, the implied hazards impact long-term survival when
extrapolated into the future

Hazard Graph Survival Graph
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Choices affect long-term survival estimates
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What does the evidence actually represent?

* \WWe need to understand the survival data affects patients before we
caninclude it in a model

* Does the survival data represent a single event?
* Progression event
* Death from a single cause

* Does the survival data represent overall cumulative risk from
multiple causes?
* Progression-free survival
* Overall survival
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What does the evidence actually represent?

* If clinical survival curves represent...

* The application of cumulative risk
* Fits most easily into a Partitioned Survival Model
* The application of a specific event risk

* Fits most easily into event-driven model types...
* Markov
* Discrete Event

* Hazard Model (coming Jan 2027)
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What does the evidence actually represent?

* In a super simple model with only one event, these are equivalent

Partitioned Survival

(O

-~ PartSA Information
Time Horizon: TimeHorizon

-
--- Markov Information 4
Cycle Active Payoff: 1

Markov Model

/F=- Markov Information
Termination condition: _stage =
[limeHorizon

-~ PartSA Information
State under Curve: Alive
Continuous Active Payoff: 1

|H: KM_OS_Hazard[_time]l

Risk from the converted hazard table

Sur&

Alive #
--- Markov Information Die
Cycle Active Payoff: 1

4 Alive

<] Dead

1.0 RateToProb(KM_OS_Hazard|_stage];1)

Dead

<

0

artSA Survival Curves

* However, the impact is not equivalent with multiple risks (see later)
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Using the clinical data for general survival decline

Partitioned Survival

(O

--~ PartSA Information
Time Horizon: TimeHorizon

Partitioned Survival with
Distribution Hazard Function

--- Markov Information
Cycle Active Payoff: 1

-~ PartSA Information
State under Curve: Alive
Continuous Active Payoff: 1

<

A

H: KM_OS_Hazard[_time

0s

-~ PartSA Information
Time Horizon: TimeHorizon

Partitioned Survival with
Distribution Survival Function

--~- Markov Information
Cycle Active Payoff: 1

-~ PartSA Information
State under Curve: Alive
Continuous Active Payoff: 1

H: DistHazard("dist_Weibull_TP")

A

Risk from the converted hazard table

In a typical Partitioned Survival model, there

would also be a Progression-Free Survival
Curve

(O

-~ PartSA Information
Time Horizon: TimeHorizon
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--- Markov Information
Cycle Active Payoff: 1
-~ PartSA Information
State under Curve: Alive

Continuous Active Payoff: 1

S: DistSurv("dist_Weibull_TP")

Risk from the fitted distribution

Survival directly from the fitted distribution
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Using the clinical data for a single event risk

Markov Model with
Converted Hazard

M
--- Markov Information
Termination condition: _stage =
limeHorizon
Markov Model with Fitted
Distribution Hazard

M

I--- Markov Information
Termination condition: _stage =
limeHorizon

YWTIREEAGE

S OFTWARE,

Alive

Survive

(] Alive

--- Markov Information
Cycle Active Payoff: 1

1.0
Dead

Alive

Survive

<] Dead

RateToProb(KM_OS_Hazard[_stage_mid];1) \

<] Alive

--- Markov Information
Cycle Active Payoff: 1

Die

1.0
Dead

RateToProb(DistHazard("dist_Weibull_TP";_stage_mid);1)

<] Dead

Risk from the converted hazard table

In a typical Markov model, there would be
more states and competing events

LLC

Risk from a fitted distribution
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Using the clinical data for a single event risk

Markov Model with Fitted
Distribution Hazard

I--- Markov Information

IlimeHorizon

Termination condition: _stage =

DES Model using Samples
from Fitted Distribution

I--- DES Information
Termination condition:
[TimeHorizon

Hazard Model with Fitted
Distribution Risk

Alive

Survive

--- Markov Information
Cycle Active Payoff: 1

Die

<] Alive

<] Dead

I--- Hazard Information
Time Horizon: TimeHorizon

<| Dead

Risk from the fitted distribution

Time to event sampled from

1.0 RateToProb(DistHazard("dist_Weibull_TP";_stage_mid);1) |
Dead
0
Alive Die
DES Inf i S
-— nformation - -
Event Active Payoff: 1 dist_Weibull _TP
Time Active Payoff: 1
1.0
Dead
0
Alive Die

--- Hazard Information
Time Active Payoff: 1

1.0
Dead

DistHazard("dist_Weibull_TP")

<] Dead

fitted distribution
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Hazard model using continuous
hazard for the event

Hazard models coming in January 2027




Calibrate event-driven model to general survival

* What if...?

* You may need an event-driven model because the clinical pathways require
key events, but...

* You may have general survival as source data

Don't Progress

Pre-Progression
#

Pre-Progression Progress

--- Markov Information Tx1 1Pro 4 Post-Progression
Cycle Cost: cTx1_PF P_Tx1_ 9
Cycle Effectiveness : uPF Die
1 Dead
I p_Tx1_2Die_Pre I
Survive AE 6
Post-Progression
Adverse Event # £
--- Markov Information Die from AE
M Survive Event Cost: cAE 4 Dead
r’::ark PAE I I pDie_AE I
ermination i # No AE
ition: _stage = Post-Progression 4 Post-Progression
--- Markov Information #
Cycle Cost: cTx1_PP .
Cycle Effectiveness: uPP Die
o Dead
I p_Tx1_3Die_Post I
Dead 4
0
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Calibrate event-driven model to general survival

* Calibration can help you match up your model-driven progression

to observed clinical data

Markov PartSA Survival Curves

Calibration

>
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Markov PartSA Survival Curves
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In TP: run calibration
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Conclusion m “

* \We want accurate models, so...

e Start with the evidence

* Calculate and visualize how risk behaves over time and its impact
on survival into the future

* Define what the risk represents within the model
* Single cause?
* Multiple cause?

* Integrate the risk into the model
* TreeAge Pro provides tools to help every step of the way
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