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Fitting Cox Proportional-Hazards Model
for Interval-Censored Event-Time Data
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> 4 %54 (Survival analysis) Xk 4k A X #4547 (duration

analysis) , W [%& ¥ (hazard analysis) , 125 547
(reliability analysis) , %k #(aT 18] 47 (failure-time analysis)
F, MR, MEFRSHFEFaRE, FTRLLANRA,
Frat A B VA BE AR A o I8 SEATTRIM 09 57 7 ik

> ARy B LA S Vet IR A

> R 5 A AT IR FeR e R X K Y

> — A EFNE R T RIEH % K 2

> Ak AR KA Ao IR s B R A X 2

> EARAY Y F iR KR ot B A £ 2

> A B WIRENA LT ZE—AOETMARE B IRHIEGF
Prat Rl &, BAVF AL E ERoh T F a9 R Ak E
B At A a2 .
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> 4 At (survival time): X » X 2 ZF4FnT 1A (event time),
ZARET Kou ey I RagFaeatin) . A Gatia) o A kK
> %4 %4% (complete data) : FEMIMIEAL & F| R A “HT
Fagat ),
> Mk #4E (censored data) : FEMALEAL &L A “T
F R agaf 1) o
> H%k (censoring) : XA, M, RIGHRHE R AL
B ARG A BT B Z R a9 AR AT 8, R T WA 2
BT 1A B 2 Y 1E BBk, ARAR AN K
> T T % (covariates) : KAVH L ARG Fel £ FaT ) a4 L
1%, L3501 L% £ 2 (time-independent covariates)
Fort A 48 % £ & (time-dependent covariates).

> A Au, MK, FTUNEE ALK S RE LI RIEN R
*o
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> & %54 (survival function) S(t): 4 AA8 i AR t 49
A

S(t)y=Pr(T >1t)= /Oo f(uydu=1— F(t)

> K% %% (hazard function) \(t): XEFHE t 67224
Ay BLE

Pr(t < T <t+dt|T >t) f(t)

dt—0 dt —S(t)

> Z NS4 (cumulative hazard function) A(t): %25
PR o) Aok K A e E

//\ u= —InS(t)

> 4 AWk (survival curve): VAL Batia) Atksh, A GEH
OhHh, 5 EA BT IE) BT ey A R EE A A E
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Types of censoring

Event time T; is not always exactly observed. (L;, R;| denotes the
interval (M=% 2 #7) in which T; is observed.

- Ti
No censoring x

Li=R =T,; Li=Ri
Right-censoring -— %
(Li, R = 400) Li T
Left-censoring 3¢
(L =0, Rj] i R
Interval-censoring -— x
(Li, Ri] Li T; Ri
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What is interval-censored data?

> EIEFMAG R A L TR G A A LR 8, 1B R A4
HEHY R AL E—AFRREEZ®E, thde, BELEL, 17
R Je b3 E R .

> X M) K IR AR AR A S AR R B AR, BLIEE S, A
s, BF5, 2ot et n.

> 2wk XA K & FEOR miE T

> X)) K AIE P YA LA T AR LS S AT TR M K A
Mk, W%, XM % 55 M E,
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» Case | interval-censored data (current status data):
BB FRRBAIR—k, BNV R il X2 FHA LA
B EA KL o FTAFEAN T Z a9 MR KRB R TR R £
LB R

» Case Il (general) interval-censored data:

MBI ZH AN RE SAME L, SR EFHOUE
W ey A AR T B G RARIE T . AT Zaghlk
KAz AMK, BEME, 3E KM L P ag—Fr.
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> ffayd64b 5% (Simple imputation methods)

> JEAFAR KK IEIT (Nonparametric maximum-likelihood
estimation)

> A e )a4EA (Parametric regression models) — stintreg

> F A H Cox b N I%4ER (Semiparametric Cox proportional
hazards model) — stintcox

> Jlet#r4EA (Bayesian analysis)
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> Cox e M [e® & i EE %5 % D.R.Cox T 1972 4
S0y — AP F AL e )RR L Z AR A Bk By fo A AR
AR T, TR WA S BEZN L GIGTE, et
M K A Bt e KA, B RERET AL B E
LU

A(t;x) = Ao(t) exp(x'B)

> Cox PH R T ZARIL A S No(t) a9 BRI KXo

A(txs) _ Qo(t) exp(x/B) _ x5
Atixg)  Ao(t) exp(xy'B)
> by f) KU A9 IRR R BT, KU b R IR 9] 2 e 1L

> AT Cox o) ISR a9 vh LAF &, CHR AT 12895 R
eI &7
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Cox 1REI 7 [X 8] il S £53E H B BRI HE L

> EREMKKIE, BAZEHETLEZEH LA L ZHW
HALEE| 8y, BTvA Cox A2 P 1 40 B 64 3R AR 31
(partial-likelihood) 7 ik Akl HARZE A . #e—a]3&3, KA
&R e AE T A R A TR R 6 S AE .

> LA AR 4% A A F Newton-Raphson Hik 84 B 42 5% K L
Kik, femiXfr 7y ikdEd T,

> B INEH —HFLIE g A spline methods 1% F 2 /& K% a4 A~
AR, X RALARA AT B TR TRAME, tede RE M9 F
SRk & NN

» Zeng, Mao, and Lin (2016) 4+af [X 1) #) & 4%  Cox 4248
FlagPesX, PR T Ao A TMERRXE L (EM
algorithm) &4 & #dE A& KM R 1&1+ % % (Nonparametric
maximun-likelihood estimation, NPMLE), iX/As4A-#ayd
7 & Stata 17 49 stintcox 4,
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» Suppose that the observed data consist of (tj;, t,,x;) for
i=1,...,n, where t; and t,; define the observed time
interval and x; records covariate values for a subject /.

» Under the NPMLE approach, the baseline cumulative hazard
function Ag is regarded as a step function with nonnegative

jumps hy, ..., hy, at ty, ..., tm, respectively, where
t; < --- <t are the distinct time points for all t; > 0 and
tyi <oofori=1,...,n.

» The observed-data likelihood function is

ﬁeXp {_ Z hi eXP(Xi,@)} [l—exp {— Z h exp(x;ﬁ)” ftee)

te <tj; b <t <ty
(1)
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» Let Wiy (i=1,...,n;k=1,...,m) be independent latent
Poisson random variables with means hy exp(x;3). Define

Etk<t/ ik and B - l(tm < OO) Zt/<tk<t VV,k The
|Ike|lh00d for the observed data (tj;, tu;,x;, Ai = 0,B; > 0) is

H IT Px( ,,_0{1 Pr( S Wi=0 )}“”KOO) (2)

i=1 t, <t <tk <ty

» (1) and (2) are exactly equal. The maximization of a
weighted sum of Poisson log-likelihood functions is strictly
concave and has a closed-form solution for hj's.
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» We maximize (2) through an EM algorithm treating Wi, as
missing data.

» In the E-step, we evaluate the posterior means of Wi.
» In the M-step, we update B and hy for k =1,...,m.
» This method allows a completely arbitrary baseline hazard
function, and the results are consistent, asymptotically
normal, and asymptotically efficient.
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stintcox @4 F T 51 A T R A K 348 09 F A4k Cox 1k
BIAEA
» & A T current-status data #= general interval-censored data.
> RAET v vt AR R IR £ ATy O ik, I LAY £ E 40T
(on replay) itH.
> IR ] 8% i S VA T o S AT 0 1k S Ao S B
> I FFAA R 0935 AR G A eT ) 1) faad 7 ik .
> Z 5 EAER (stratification),
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stintcox [ indepvars |, interval(t t,)

» Option interval () is required and is used to specify two
time variables that contain the endpoints of the event-time
interval.

» indepvars is optional. You can fit a Cox model without any
covariates.

P st setting the data is not necessary and will be ignored.
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Modified Bangkok IDU Preparatory Study

| 2
>

1124 subjects were initially negative for HIV-1 virus.

They were followed and tested for HIV approximately every
four months.

The event of interest was time to HIV-1 seropositivity.

The exact time of HIV infection was not observed, but it was
known to fall in intervals between blood tests with time
variables 1time and rtime.

We want to identify the factors that influence HIV infection.
The covariates that we are interested in are centered age
variable (age_mean), and history of drug injection before
recruitment (inject).

|
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. list in 701/710

701.
702.
703.
704.
705.

706.
707.
708.
709.
710.
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ltime rtime age_mean inject
41.049179 -1.4617438 Yes
20.09836 3.5382562 No
40.918034 5.5382562 No
11.934426  16.065575 4.5382562 No
32.327869 -10.461744 Yes
40.360657 -5.4617438 No
39.901638 -9.4617438 No
24.065575 7.5382562 Yes
28.163935 32.52459  -7.4617438 No
0 16.196722 3.5382562 Yes
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. stintcox age_mean i.inject, interval(ltime rtime)
note: using adaptive step size to compute derivatives.
Performing EM optimization (showing every 100 iteratioms):
Iteration O: log likelihood = -1086.2564

(output omitted)
Iteration 299: log likelihood = -601.53336

Computing standard errors: ................ done
Interval-censored Cox regression Number of obs = 1,124
Baseline hazard: Reduced intervals Uncensored = 0
Left-censored = 41
Right-censored = 991
Interval-cens. = 92
Wald chi2(2) = 11.18
Log likelihood = -601.53336 Prob > chi2 = 0.0037
0PG
Haz. ratio std. err. z P>|z| [95% conf. intervall
age_mean .9657816 .0124711 -2.70 0.007 .9416454 .9905365
inject
Yes 1.590116 .2847623 2.59 0.010 1.11942 2.25873

Note: Standard-error estimates may be more variable for small datasets and
datasets with low proportions of interval-censored observations.
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P> stintcox estimates VCE for regression coefficients using the
profile log-likelihood, which is obtained by maximizing the
likelihood by holding the regression coefficients fixed.

Type of VCE Order of deriv. | Stepsize
vce(opgl,stepsize(adaptive)]) first-order | adaptive
vce(opg, stepsize( [#1)) first-order fixed
vee ( [,stepsize(adaptive)]) second-order | adaptive
vece( , stepsize( [(#1)) second-order fixed
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PRAEIRZE T LA

> e R AT e R R RN R EFE E E m ey R BUR AR A K
A, BRAF TR a9 R AT SRR RS A B IR TR — 4Ry
R, EXAEALT, ARTEE 2RI TRE N T X,

> stintcox $2 T A E54 (on replay) B EH#it HArMEiE £
AR, TNEEREHIT L= LR,
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. stintcox, vce(oim)
note: using adaptive step size to compute derivatives.

Computing standard errors: .................. done
Interval-censored Cox regression Number of obs = 1,124
Baseline hazard: Reduced intervals Uncensored = 0
Left-censored = 41
Right-censored = 991
Interval-cens. = 92
Wald chi2(2) = 11.18
Log likelihood = -601.53336 Prob > chi2 = 0.0037
0IM
Haz. ratio std. err. z P>|z| [95% conf. intervall
age_mean .9657816 .0121666 -2.76  0.006 .9422274 .9899245
inject
Yes 1.590116 .3285746 2.24 0.025 1.060572 2.384061

Note: Standard-error estimates may be more variable for small datasets and
datasets with low proportions of interval-censored observations.
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favorspeed vs. favoraccuracy

> stintcox fEALTE MR K ay40HE ot T L ped St . 3
HHF KRR KA EM kARt A E R R 5k, R EE
o BAR AT R T A PATH R

> £l favorspeed #= favoraccuracy HRIRET 7 ik kA
W PAT R Ao MR

> stintcox #9BKINL M & favoraccuracy, VA FRiR & RS
WORE AR . 2R R AR E N, 1RTVA favorspeed
R AFEI LR

> Li4iF favorspeed B, stintcox it F] RAR & ™ #&a9 0k 6L
AN,
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favorspeed vs favoraccuracy L5

. stintcox age_mean i.inject, interval(ltime rtime) favorspeed

note: using fixed step size with a multiplier of 5 to compute derivatives.
note: using EM and VCE tolerances of 0.0001.

note: option noemhsgtolerance assumed.

Performing EM optimization (showing every 100 iteratioms):

Iteration O: log likelihood = -1086.2564
Iteration 31: log likelihood = -602.62237
Computing standard errors: ..... done
Interval-censored Cox regression Number of obs = 1,124
Baseline hazard: Reduced intervals Uncensored = 0
Left-censored = 41
Right-censored = 991
Interval-cens. = 92
Wald chi2(2) = 11.19
Log likelihood = -602.62237 Prob > chi2 = 0.0037
0PG
Haz. ratio std. err. z P>|z| [95% conf. intervall
age_mean .965774 .012463 -2.70 0.007 .9416534 .9905125
inject
Yes 1.591654 .2848271 2.60 0.009 1.120794 2.260329

Note: Standard-error estimates may be more variable for small datasets and
datasets with low proportions of interval-censored observations.
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FEHATRR LT B, stintcox IR T VAT LA T 4e:
» Predictions of hazard ratios, linear predictions, and standard
errors

» Predictions of baseline survivor, baseline cumulative hazard,
and baseline hazard contribution functions

» Prediction of martingale-like residuals

» Plots for survivor, hazard, and cumulative hazard function



Predict baseline survival functions

FMEEEFRE

. stintcox age_mean i.inject, interval(ltime rtime)
(output omitted)
. predict bs_1 bs_u, basesurv

701.
702.
703.
704.
705.

706.
707.
708.
709.
710.

. list bs_1 bs_u ltime rtime age_mean inject in 701/710
bs_1 bs_u ltime rtime age_mean inject
.8740674 0  41.049179 -1.4617438 Yes
.9157519 0 20.09836 3.5382562 No
.8740674 0 40.918034 5.5382562 No
.9427818 .9213125 11.934426 16.065575 4.5382562 No
.8936399 0  32.327869 -10.461744 Yes
.8740674 0  40.360657 -5.4617438 No
.8740674 0 39.901638 -9.4617438 No
.896766 0 24.065575 7.5382562 Yes
.8967278 .8866288  28.163935 32.52459  -7.4617438 No
1 .9184227 0 16.196722 3.5382562 Yes
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Graph baseline survival functions

RHI R LR

stcurve, survival at(age_mean=0 inject=0)

Interval-censored Cox regression
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2
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> stintphplot A T4l Eay “M&” - X" B, &
AT - AT B P BARE AT, R U AR A
o

» stintcoxnp xF FHA52LE B 5 A A4 I RSk A K Fo
Cox & frih . 4o REMAEAWEAAES, Wb RlL
B .

> A EAAGA RIS T stintcox H4hy, REZANIXH
A Z AT AT stintcox frds,
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stintphplot, interval(t t,) by

» Computes nonparametric estimates of the survivor function for
each level of by () variable.

stintphplot, interval(t t,) by() adjustfor()

» Fits a separate Cox model, which contains all covariates from
the adjustfor () option, for each level of by () variable.

stintphplot, interval(t t,) strata() adjustfor()

» Fits one stratified Cox model with all covariates from the
adjustfor () option, then plots the estimated survivor
function for each level of strata() variable.
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stintcoxnp, interval(t t,) by() [separate]

» The nonparametric and Cox predicted survivor functions are
plotted for each level of by () variable.

» Option separate produces separate plots of nonparametric
and Cox predicted survivor functions for each level of by ()
variable.
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. stintphplot, interval(ltime rtime) by(inject)
Computing nonparametric estimates for inject = No ...

Computing nonparametric estimates for inject = Yes ...

Nonparametric estimates for interval-censored data

35

3
1

25

—In[-In(survival probability)]
2
1

1.5

In(analysis time)

—=o— inject=No —&— inject=Yes
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stintcoxnp, interval(ltime rtime) by(inject) separate
Computing nonparametric estimates

Computing Cox estimates

Interval-censored data

No Yes

£
©
Q
[<}
g
@
£
38

@l

0 10 20 30 0 0 10 20 30 40
Analysis time

—=e—— Nonparametric: inject = No ——e—— Nonparametric: inject = Yes
—e—— Cox estimate: inject = No ——o—— Cox estimate: inject = Yes

Graphs by Injected drugs before recruitment
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. stintphplot, interval(ltime rtime) by(inject) adjustfor(age_mean)

Fitting Cox model with covariates from option adjustfor()
for inject = No ...

Fitting Cox model with covariates from option adjustfor()
for inject = Yes ...

Cox estimates for interval-censored data

1

3 3.5
1

1

—In[-In(survival probability)]
25

2
1

1.5

|

In(analysis time)

—&— inject=No —@— inject=Yes
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. stintphplot, interval(ltime rtime) strata(inject) adjustfor(age_mean)
Fitting Cox model stratified on inject with covariates from option adjustfor()

Stratified Cox estimates for interval-censored data

1

3.5

3
1

—In[-In(survival probability)]
25
1

2
1

1.5

1

In(analysis time)

—&— inject=No —@— inject=Yes
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Fit a genuine semiparametric Cox proportional-hazards model with
time-independent covariates for two types of interval-censored data.

Support different methods for standard-error computation.
Support modeling of stratification.
Support options to control the tradeoff between speed and accuracy.

Support two ways to choose the time intervals to be estimated for
baseline hazard function.

Provide diagnostic measures, predictions, and much more after
fitting the model.

Provide graphical assessments for proportional-hazard assumption.
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