











































































































CH I Intro to Survival Analysis
Survival Analysis
7 event failurehappens
Main Goal

x
htt Hazard Rate

Ste Survivor Enno

T HR Hazard Ratio
predictors

Descriptions refined
soo PCT t

Analogous to speed RangeLong

has gingopckketottOF

HR hate 2 exposeco Xi
Faneof Te

hale unexposed to Xi Not T I

f Lts l Soe Failuretuna

f at
d Fct
D FailureRate

has vs fees
hoe is conditionalversionof fee
Relationships
has the

Sct

htt d _dt
Sct

Sues expE Jothindu
Know one know other two














































































































Descriptions C coarse overall

f
Z

patientsMi

b wre
Zi Ti

Mediansurridal time
from survival curve

e
Tm

Censor

Censoring i Don'tknow exact failureeineT
se

g fight censor I withdraw

most common 1 1
0 Jeudyends

Left censor µ fail only observe1
at o and F

O T

Interval censor f x IE onlyobserveit
at ti s tr

O te ta

Assumptions
Random i

µ
Censored Not censored














































































































T phae ch hnice Ct

Independence
subgroupA ha cells hotNoel

subgroup B hB cece hB Mcelt

Non informative
Note

Failure e
Censor

e.g A B fromsamefamily
A fails B drops censors

Informative

How to deal with censored samples
contain them in the Wsk set until
it censors

CH Z Kaplan Meier Survival Curves
and the Log Rank Test
KM method

patientsswvuiqm.IE
Estimate Ct Fpacies
for each t














































































































General KM Form

top Ctcfn ICTt.gs T7ty i
t I

where Ctcf IT ftp.tcis T7 hi
f 1

if we consider censorship Then

after someone censored it must be

dropped from che Fisk set

Log Rank Test

if there are 72 groups To

eese if their KM curves are seaeistically
equivalent

Basic Idea
r Chi square test

observed us expected



CH 5 Stratified Cox Model
variables pH Assump

Include in the power of e
stratify

hgle X hogLts effixic Non Interaction

g l Z i i ked

f i i same for each seractum
hoagies Drft

Zi

of variables 4pm Assump
1 F1 stratum of value 2 can

take

71 seruqume.tl ofvakueZ
cuneate

Interaction Between two kinds of
variables
X Non Interaction Form

hgce.xkhogceieZP.itipiissameforDiHg

i Interaction Formi
f X d



hgh x hogueEfgX pi is difffor
Dift gli

Aturnaeive hgie.XI h.ge e PiXi 139
pi Nj is same
forDiftg

How to Determine whether there
is Interaction or Not

How to Inference parameters f and
X

For Each Stratum compute

using Naive partial Likelihood

L L aLz Lk

CH 6 Cox PH Model With
Time dependent Variables

Some variables pH Assump
Stratification

I



Consider Make it as a

time dependene variable

Cox pH Model with Time dependent
To test whether a variable is
time dependent or not pHHs

To Model True time dependent

variables
Extend Cox pH Model Twoforms
To ModelTrue time dependent variables

hit Xcel hotel exp ii fix it
Si Xi let

Xd are time in variant variables

Xjco is time dependent

To access pH AssumpfModel
Time independent variables that



dep
does not comply with pH Assump

hcxits holesexpt.is
ipiXAif.Z.f8ixigiaD

Giles can be

gato Heaviside Rem

l and offertofano win t.fr

Heaviside Fane
can be used to model he

Hazard ratio like

To Li tu es

11 p



How to Compueef's using
pareial ML for Cox Model
Wieh Time dependent variables

Still use the formula
He

feelHee foggymip

Notechate We Need to know

Xjet for Each sample on Risk
see ae time e

Note when compute HI
it is also Time dependency

CH 7 Parametric Survival Models
parametric v s semi parametric
parametric has full description
for hoe



Semiparametric
has some unspecified term

in the final Equation
For Example
hey how ez pili

unspecified

why we want parametric
More consistent with theoritical
Result Ste

simplicity
Completeness hies see

has concrete forms

Three Assumptions for
Survival Models We Met until
Now

pH Assump hj const

AST CAccelerated Failure Time

Assump JI const



Assump const

failure time from 0

po proportional odds Hssump
seed

swgia.iseIss iddTz come

How to get specified
and parameterized

Equations based on Three Assump
specify the Form Distribution of
hoes or Sces

Compute host for pH
T c for Ast
Sues
1 for pod

Use expEpixi to Reparameterize
parameters in those sequacious

ago that we can merge with Xi's

After get the Reparameeenized
Formof hot or Sbe we can

use Maximum likelihood and



use Max.mu lil boo and

f Cef hassle to inestimate all
parameters

Important Relationship
Foot PC Tee
for DEI

de
Saen pCT e f flu du
hoy z

ds

so ts

Soe exp
l fothundu

fur hee Soo
know one ofC Sas has fees we know
other Two

Exponential Model
hits A
scene expl ht
pHAssumpi a exp Pili
AFT Assumpi f exp 7fixi
Weibull Model

Dowotrepar eeer.ee



has AptP
1
Cpi shapeparameter

h psi
Note hip KpkFt
Ste expC Afp

pHAssump A exp Epix
AFT Assumpi Iq's exp EfiXD

In E In Scot i linear wieh In Ct

Log logisticModel
hey

Aptos
1

TI
C p n

o

p I

TH
sus eT
AFT Assump zip exp pix7
po Asampi a expC fix

In ts linear with Incas



I se

How to Infer parameters
using parametric Likelihood

Li Lz LN
Handles Censored data very well

Fail at top has Sue

f Lt

Right Censored

If fun du
o

Left censored
Soto faut du

Interval Censored
feta flu du

Assumptions e

No competing Risks
Subjects Independence
Follow up time continuous

Frailty Models



y
Individual U.s population
previous hits only considers all

predictors but does not account for
individual variation

Frailty accounts for variation of all
Individuals Such as Moise in LRModel

hurt x X hits
scelx Seth
Note x Gen

Distribution
µ ELM L
barla Egg Needs to be estimated

population unconditional

Suits Job Swingin da

hn ve z d LSu.ee zde
Sure

Note that individual level
pH Assumption might not be generalized
to population level

Inference
compute faces hatesSuite

unconditional



Then use ML to Estimate all

f's and Varela D Note chat

Xjfor individual j cannot be estima

due to huge nun of parameters

showed Frailty
Same Xj for each cluster

and population includes xj j't K

special case Recurrent Events

Each patient has the same x

for all Failure time see individua

as group

CH 8 Recurrent Event
Two types of Recurrent Events

Each time has identical event

Diff times have diff events for the
same patient e.g second disease
will happen only after the first disease



Methods for Diff types
Identical Counting process

stratified Cox
stratified Cp

Diff Gap time
Marginal

parametricModel with

Counting process
shared frailty

Data layout

µ
status seart stopXi

Diffpatients can
have diff of records

µ
To apply Cox Model we also need to

lay the data based on failure times

ftaaiqrisi.se titedfIEII I

Two Assumptions
1 Cp treats each failuretime event
independently even if they comefromthe same patient

2 the patient will always be at the
Risk set until after his her last

failure or censorship C the patient



I p b
cannot be droppedoft unless we go
through all his her records

Model GoxModel
Not necessarily pH Model
we can also use sevatified or

extended model for Non pH variables
and time variant variables Also can
include interation as we leavebefore

htt D hole ezpili

Inferencea partial Likelihood

Li Lz i L lastfailuretime

where Lf aida
mXimtgy

s pis efxpczpisx.EE
T

e Robust Estimation
To adjustfor correlation between
records from the same object
Not adjust for fi instead
for varCpi
peeps vii c'f Ers Tail f



Stratified Cox
Assumption Treat Time interval
as stratum e.g Stratum 1 the

first time interval data ofall patients
Stratum z the second timeinterval data

Model Stratified UX Model
where stratum is time interval
Which ane int

Three Methods
Same Model 8 Inference
Diff Risk set for stratum f C seePsg
Setratified Cp

Stratum 1 Its sevaeumz atte
stratum z 9 after seraeumM

The Influencefrom stratum f
to f TI is i

only when the patient finish the
stratum f go through the entire

time interval it can be counted
into the Risk set of stratum H



Rr l f f
To determine the Risk sets
at each Time f or stratum f71
we need to be cautious whether
the patient ends Sevaeum f
at this time I

Gap Time
Focus more on time gap between

TWO consecutive event

Seart Time i always 0

Stop time the time interval

length sine the previous
event

I for each stratum it preset
the start time and use the
same method to determine
the Risk set

Marginal
stare time for each
stratum is always the time



stratum is a ays he we

patients enter the study

It considers each stratum

as a separate process
c Don't care about the relative

order between diff strata
How to choose which model to use

xp Cp
Differentiate

Serrata

Marginal

parametric Model with shared frailty
hi Ctl x i Xi Xi he 4 Xi

Dift Records from the same patient



share the same Xi

Survival Curves with Recurrent Events
one plot for one stratum

Site P T t
survival time

Cts Pl Tz e up to
the 2nd event

Two types
seraeerfied use survival time

from rime from k Deh Lo Koh
event restricting data to subjects

with k 1 events

Marginal i use survival time

from eve study enemy to Koh
event ignoring previous events

Then after get event crime and

Risk see we can use KM method
to plot each Survival Curve



CH 2 continue
Two group case

Ho No diff between two group curves

LogRank test statistics

Z ZiElOi Ei
MzE

X redf

Expected
Propportion

in total riskset

p totalfailure

group 1 e ftp.hf n f xlmiftMsf

ezf fTfInf xlmiftmatI
understand for expectation we expect
they have the same failure fate
therefore the expected version is
that their failure should be
related to the proportionof each
group overtotal samples

Residual i

0 i Ei Zf Mif Cif
diffbetween observed and

expected failure



I

variance

arc Oi Ei tmfMt f m f
mythief nifthaf 1

Same for i I z

Several Group Case

log rank statistics X wien

G Idf
groups

Details see Pg6

Approximate case
groups

i EiX Z
i I E i

Stratified case

each group ds divided into
same serrata

Diff between previous version



Oi Ei tf Mifs Eifs
T N

failure timestratum

Alternative to LogRank Test
a limitation to dogRank

each time has same weight
Alternative
Wilcox Tar one Wane Peto

Flemington Harrington

CI for KM curves

9506 01 5km007 I 1.96TEEMED failure

where farEEmmiesflsiraledf.eueEntYnfTnID
bT inRiskse

Cummulative
summation

CI for the Median survival time

find observedfailuretimes satisfy
Erma og 12 3.84Vir III as



CH 3 PH Model
why pH Model

US KM Involve Nfarh model which can
connect with predictors Xi

Robust and Safe if don't know the

true parametricmodel then
use pHModel can closely
approximate the true result

semi parametric i don't fully specify
eke formof baseline f une

No 4Cox pH Model a predictor

htt X home fix i variable
Baseline fmu i mo Xi's

Sct X so ye
fix

HR hnYE.tt eZifilXi Xi



Two special cases

Adjust for a covariant E
especially for confounders
htt X hotelexpE PE t Zi Si wib b

adjusted otherpredictor

i Ajusted version is still a fume

of all other predictors wi and E
if we want to plot adjusted curve for
each adjusted value When we can

specify other predictors Wi Tug
or Wi median Wig wherethey
are over all samples in the dataset

Interaction between Xi's

hct.XI hothexp 3 fi Xi tf SjXjXis

pH Assumption
tTR exp Z pillai Xi



should be constant w.r.tt

partial Likelihood

It Lt faiwneeime

Lf
3h6t.xijicfailwne.se

Z hof
JERisks

Xj

Note that fisk set at f includes

samples whose T Z 6

censored samples should be dropped
from the Risk set

Interpreeability of Lye
at f the Likelihood that among

art samples in the Risk set how like

i C Failure set fails



Estimate pi's
0hL
zpi

o should use iterative
method to compute
e g SGD Newton etc

i Drift initialization
i VarCpi exists

Note i sometimes due to diff ways
to treat time we need to pay attention

to include which patients are in the

Risk set L e.g Time on studyus

Age as eine



CH4 Test pH Assumption
log ing plot

graphical observed us expected

TheGoodnessof f itstatistical
TimeDependentcovariant

log log pot
zpixi

Intuition S Soles e

In E In SHXD t hL InstXD

72PilXii Xzi
Range

L P th

q
nothing to do with T

hogL togs should parallel
2N

on Interns I plot

pgerhod I

examin variables one by one
For each variable

categorical resultinsmall of
continuous

transfer categories

plot KM curve Ice stratified on the variable



we want a ers if sites are parallel between
all valuesof this variable pH satisfied
what is parallel i
assume pH isOk unlessstrongevidenceof
nonparallel

Method 2
Examine several predictors at same time

Stratify on Tff valuesX i can take
drawback too small for

some stratum

Alternative
1 when assessing for Xi assume

other variables satisfy pHAssump
Z Fit hot x hog its eIE i PuiXi

g

for each stratum X since we
assume

3 plot log log I derived from Xj Lj
is

hglt.xthogcesejTE.BE
satisfypm

parallel pHAssump V
e daea

expectedObserved us

Method I 6 one at a time

observed i KM curve for each
d le



value the assessed variable can take

expected
categorical

f it house on overall datato
air we want to assessp

and plot Lexi wife
for art values can take

Continuous
continuous categorical

option di

wenn holesexp II Riki
Xci i dummy var Xe can take
C Xu can take is K

option 2
hit XI howsexpffX
fit on all data
then for each category
Stax I II cedeMEI

mean value
wiehin categoryc



agony

if observed curves
close

expected curves

pH sarisfied
Go f Testing
use Schoenfeld Residual

See P 181 7 183

Test for time dependent
For one variable

hct.xsehovesexp px fcx.ge
Hoi f o

ward statistics or likelihood ratio
squeiseics a X with Idf under Ho
several predictor aeene same time

hit XI howsexpE fixit fixig
µ i f 82 i 8 K o

Lp stats 2 InLpm C InL
extended

pm



Xp under Ho

if p is significant.es Ho X
eliminate variable one by one to find
which var pHAssump

Assess pH for a given
predictor adjusted for other
predictors which already satisfy
pH Assump want to

assmphct.xkh.usexp
YET fix it p
8 1Xxx gull

Ho i 8 o

Wald LR searedsecs n X with

a df

To test pH Assump
should use at least
two methods



CH 9 Competing Risks

2 Method separate Model for
diff Event Types

C assume Indep7

Lunn McNeil LM
Approach CX assume

3 plots
KM c assumeannefydep
Cdc c assume IndepIs apa

Competing events

only one event can happen among
our possibilities 6 up to now

we don't assume Recurrence
consider it as modeling on only
the first failure

Goal
Get failure rate for X Xa Xk

Compare HFA us HRB



Method 1 Separate Models for
Diff Event Types

Idea earn event type is indeep
create others as censored

Step 1 use Cox PH Model to estimate

separate hazard for each failure
type pcfeToeetottTohoots him

off 0 Of

hot X hooksexp EpicXi

Note hooks Tc pie one diff
for diff events type

seep 2 when Inference
treat other competing failure

loseto follow1 withdraw1
as censored

Note before use pH model
first need to assess pH Assump



Independent Assumption
me timed in 01 11 Indef Abump
htt 1 G Ce h Ctl G Nce

Agroup
A
Canned Ion Censored

create other competing risks as

censoring which assumes their

hits for getting one favor we
assess is the same as those

MccoveyHow to prove if they are indeep
Can never determine
it is counterfactual

HowtoproceedwiehassumpwTy
saeisfie.cl
seraeegy1i use clinical biological

other backgrounds to assess Indep

serategy 2 Include common risk

favors for competing risks
conditional In dep



seraregy 3 sensitivityAnalysis
seep 1 make worse cases

e g all censored will die

from this event an

censored will live to the end

of sendy
step 2 f ie h Ct X to each case

seep 3 compare HR between
those extreme cases with the

Indep one

results
meaningfully ay most a smart bias

differenceworse when assuming Indep
meaningfullycasesLmg only extreme of bias

but not actual bias
is determined

Main point
No method to advectly assess indef
assumption
Typical analysis assumes Indep Assump
is satisfied



Methods The Lunn McNeil Ltg
Idea use a single Model with

Dummy variables to apply on

several competing risks

v s method 1 give more flexibility
General Sera aerified Cox LM Model

g I 2 C

hg.ce.xt h.gov x

exp fix it ppXp

t 821Dalli t t fzpDzXp
t 831Dsk t i t 83pDsXp
f i n i

t 8aDcX it t fcpDoXp
where hoof as diff for each g
D Da Dc is dummy variables

Note we only use C I dummy
variable in the equation
since when gz1 we can set D2 Deano



it also can have interaction terms

Xix j
General stratified Cox LMait

Model

g l i C

ng Ct X highs
exp E 8n'Dixit 8 p D Xp
48 Dz X t t 8g'sDaXp
85DzX t t 83pDzXp
1 i n

SI Dox t i t 8dpDaXp

More here we use all of
Di Da Dc

LMVSLM.am
HR test seats interval estimates
are ene same

welticienes are diff



Linhares output can be provided
directly from coetticiene f

Mi indirectly i Stp
Unseracified LM model Lmu

h Ct X hot te

expE t Da t B Dst ttpDp
82 Dixit 822 1 2 1 tfp 1

1

So Dex 1 t8cpDXp
Note it is unseraeified Version
d hot Ce same for an data

Mu v s LM i Need to cheek
pH Asosamp



Zplots
KIM

In deep Assump i treat other

risk factors as censoring heelG Ce eh
informative for etiology t.IG.MG

CIC Cumulative Incidence Curr
X In deep Assump
Informative for treatment utility
in cost effectiveness analyze
us K Mi for each competing risk
CIC uses Ces over all risk

factors while km only uses

goes for ehae specific factor
For how to compute CIC curve

please see peas
and how to use the definition
and math Method which similar with
hot and pH model please see past



Cpc conditional probability curves

cp.cc PCTose1732
Cpac Cdc GCc


