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Survival Analysis - definitions

[

= Survival analysis is a set of statistical/ML methods used to study the time until an

event T happens

= Examples could be:
= how long a patient lives after treatment
= how long a machine lasts before it breaks
= how long a customer stays subscribed to a service

= Some of the key aspects of the field are:

= Most methods aim at predicting the probabilities of the
event T happening at any given time t by predicting the
Survival function S(t) =P(T >t) =1—F(t)

= Methods can account for censored data

=> Widespread application in
medicine, industry, engineering,

social sciences...
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Censored data

= Characteristic of event data: the presence of censored data
= The event of interest has only occurred for a subset of observations
= Therefore, a right-censored time represents a lower bound on the actual event time.
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Survival Analysis - Available data

[

Life time data

Engine 1 . ;
 Time to event data Engine 2 : 4
+ Censored vs. non censored Engine 3 %‘9
- R 3 Engine 4

Longitudinal data (run-to-failure-history)

« Rawdata
* Endogenous data (operational data), such as: !
* Vibration data :

»  Temperature, pressure...
« Exogenous data, not specific to the system but
can describe its environment

* Processed data (health indicators) T
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Covariate data

Variables illustrating
differences between engines.

Examples:

+ Engine type, engine
configuration...
« Airplane company...

Eng 1

Eng 2 1
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Eng 4 2

Eng Eng
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Increasing model complexity depending on the data available/used

[
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=> Population-level
prediction

Improved RUL prediction (given quality data)

« TTE data
e Covariate data
AFT or Cox
Cox

A, X1, -, X5) = Xo () exp (52, 6 X,

AFT

A(t|6) = 2 (61)
6 = exp(—[6: Xy + -+ + FpXp]).

=> Individual-level
prediction

TTE data
Covariate data
Longitudinal data

Dynamic DeepHit

Figure 2: The Dynamic-DeepHit architecture with K competing risks.

=> |ndividual-level
prediction with
enriched data
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Use case example in aeronautics

= General context:
= Industrial background: maintenance planning (PHM, prognostics and health management)

y e B

Indicators

(%]
© &
>
3 building o =
© © <
= 2 Maintenance
o & L 2 Faultdiagnosis | WS S soning
= [} A
P o g
(o= be) .
- & Ld RuLprognostic [ S8
()
ot
) ah Y
pre-processing + data analyzing post-processing

= Specific use case:

= CFM56/LEAP (engines) — Predicting number of cycles before maintenance (+ maintenance cause
=> competing events)

= Important to infer future maintenance cost (leasing) & supply needs
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From fleet prediction to individual prediction (digital twin)

n, SV Cause 1

n, SV Cause 2
Fleet level n; SV Cause 3

n engines
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From fleet prediction to individual prediction (digital twin)

n, SV Cause 1
n, SV Cause 2
Fleet level . SV Cause 3
Engine |
Engine level ;4 risk SV Cause 1

i, risk SV Cause 2
;5 risk SV Cause 3

n engines
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From fleet prediction to individual prediction (digital twin)
n, SV Cause 1

n, SV Cause 2
n; SV Cause 3

~— - Currently implemented with
n engines WeibullAFT models

Engine |

AP 7

Engine level ;4 risk SV Cause 1
i, risk SV Cause 2

Not implemented yet ;5 risk SV Cause 3

n engines
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From fleet prediction to individual prediction (digital twin)
n, SV Cause 1

n, SV Cause 2
n; SV Cause 3

~— - Currently implemented with
n engines WeibullAFT models

Improving current
predictions

Engine |

l- by A

mm» .1 tisk SV Cause 1
i, risk SV Cause 2

Not implemented yet ;5 risk SV Cause 3

Exploring new methods
for potential use

n engines
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Experiments

Time at which we use available data
to train the models

Time at which we want to predict the
number of shop visits since t1

Fleet level

Engine level

t0 t1 t2
Ty foooo
- x
* " "
X
N e e S e — 4 P o W
TRAINING TEST
= Covariates used: = Modeling = Evaluation
= Environment variables ([t,-t;]) = 5 different t; considered = Prediction error for the
= Engine variables ([t,-t;]) = 11 different t, considered Pumgetr of events between
= Model tested = Test interval between 6 months and 5 1andt l
. _ years = 1-calibration
= Parametric: WeibullAFT ) . Cl
= One model per maintenance cause t

= Semi-parametric: CoxPH, Aalen ' '
= ML: DeepSurv, RSF, GBS = One model per engine family
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Specificity of the data

Few events
available

4

High censor rate
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Different maintenance causes and engine families
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Predicting the number of events

Cox

RSF

GBS

Fleet level
underpredict

= Largest errors for
WeibullAFT

= Aalen tends to

= GBS gives best

predictions
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1-calibration

= Used when interested to predict the probability that an event happens before a given time t (here t,) to
ensure probabilities are meaningful

= Estimating P(T<t,/T>t,) for each engine

= Sorting these probabilities and grouping them into a number of bins

= Within each bin, calculating the expected number of events and the observed number of events
= Comparing expected vs. observed with test Hosmer-Lemeshow test

p < 0.001 @

Haider et al. 2020

I Observed

050 M Expected

Survival Probaility

6 7

1_2 3 4 SBIn
E& Under-estimation of survival probabilities
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1-calibration

= For an overall metric illustrating 1-calibration we can calculate:

calibration = Z |Pobs - Ppredl

bins

RSF }—_—honmw R K ‘

GBS - }—.—h-. @

Cox 1 }—_—homn K X

Weibull |—_ e T T R YT Y T YR T T Y Y S X S 3 ¢ *

0.0 0.1 0.2 0.3 0.4 0.5 0.6
calibration

model

0.7

= GBS is better calibrated than the other models
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Cl, Concordance index at time t

= Discrimination metric: can the model correctly identify individuals that are most at risk between t?

Ar :

A 1

B |3t EF.GH |

c i

D 7% EF.GH

E B.D

F : 57 BD

G : O B,D

H ; O BD
t t, ti;‘le

P(T<t,/T>t,)

— We compare pairs with an engine that has an event before t, and an engine with no event before t,
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Cltest
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- depending on maintenance cause

> oo o ->
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B Cox
m Weibull

Cause 1 Cause 2 Cause 3 Cause 4 Cause 5 Cause 6
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Clt & 1-calibration - influence of the number of events in training
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RSF GBS Cox Weibull
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CIt - can we predict a specific risk for a given maintenance cause?

[

Train cause

Test causes

RSF GBS Cox Weibull
model

Train cause 5
0.4

Test causes

RSF GBS Cox Weibull
model
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Main results

= ML models such as GBS can improve fleet predictions from Weibull AFT models and
have better discrimination ability (for individual predictions)

= Having less than 30 events for model training makes it difficult to get good model
performance
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Ongoing and future work

= High censor rate issue

= Having very high censor rates in aeronautics makes it difficult to obtain good model performance
AND to correctly evaluate model performance

» We are currently evaluating how different survival models perform depending on the censor rate
» We are currently assessing how performance metrics might be biaised depending on the censor rate

* Improving individual level predictions
= |s there an added value when accounting for longitudinal data?
» Data quality and availability is challenging

> Recently proposed methods using longitudinal data will be tested but need to be adapted to our
needs
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1-calibration

P(T<t/T>t*)

Evénement
avant t

0,85

0,23

0,81

0,11

0,63

0,52

0,09

0,04

0,15

0,42

0,76

0,46

0,12

0,38

0,03

Ranking des
individus selons les
probas prédites

0,03 0
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0,42 0
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0,63 0
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Séparation en
5 groupes

)
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0,09
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1-calibration

Calcul de la proportion

_ _ Calcul de la proportion B
Poreg = 0,34 <= prédite d'événements I I observée d'événements > Fobs = 0,33

0,23 0
P(T<t/T>t*) 038 |
0,42 0
Evénement
avant t
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1-calibration

Calcul de la proportion Calcul de la proportion

Porea = 0,34 <= prédite d’éveénements I I observée d'évenements
0,23 0
P(T<t/T>t%) 038 !
0.4

2 0
Evénement
avant t Simulations d'événements

selon les probas prédites
0 par les modeéles 0
0 0
0 1
Pim1=0 E ®E ®E = P =0,33

. . sim_n
n simulations

l Permet d'estimer un intervalle de

confiance autour de P,

=> P_.. =033
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Protocole expérimental - adaptations

Au lieu de s'intéresser a P(T>t) sur toute |'histoire de vie d'un individu, on s'intéresse a P(T>t/T>t*)
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predited nb of events - actual nb of events

predited nb of events - actual nb of events

Influence de la durée de I'intervalle de test

[
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Cox Aalen WeibUlIAFT DeepSurv
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1,5'an
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Durée intervalle de test

6 mois
1 an
mm 1,5an
B 2 ans
. 2,5 ans
B 3 ans
3,5 ans
B 4 ans
3 4,5ans
[ 5 ans
[ 5,5 ans

. GBS

B RSF

m Cox

I Aalen
B WeibullAFT
I DeepSurv

Echelle flotte

Plus on prédit sur un
intervalle long, plus les
erreurs sont élevées

Plus on prédit sur un
intervalle long, plus on a
tendance a la
surprédiction pour Cox et
WeibullAFT et a la
sousprédiction pour GBS

Pour les intervalles courts
(<3ans) GBS est plus
performant

Pour les intervalles longs
(>3ans) RSF est plus
performant
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Influence de la durée de I'intervalle de test

s B800000000
1.0
08 = 6 mos Echelle moteur
= 1,5 an
=i o .
} -3 = Diminution marquée du
3 =t Cl quand on augmente la
: [ 4,5 ans ) .
= 5o durée des intervalles de
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02 test pour GBS et RSF
0.0 . . . 7 N
GBS RSF Cox Aalen WeibullAFT DeepSurv " DImInUtlon Iegere pour
10 I _ . _ _ Cox
* = Pour les intervalles les
o T pIu; courts (<1,5 an),
5 =g meilleure performance
. = weriarT pour GBS
BN DeepSurv
0.2
0.0
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Analyse de risques complémentaires

= Données CFM56

= Perte d'évenements par croisement avec données longitudinales
25000 A

C=3 shop visits Histogrammes cumulés T
[ delivery date _
[ availability longitudinal data T
20000 A [
15000 - ] 1897/5459 (35%)
E iy évenements avant
© y AT i premiere disponibilité
10000 1 e |1 données longitudinales
5000 - i [l HEHHI
0 , ‘ ' ‘ il | ‘
1988 1992 1996 2000 2004 2008 T 2012 2016 2020 2024
date

disponibilité données longitudinales
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