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Problem Description

Common feature of ophthalmology clinical trials:
Clustered or paired time-to-event data dueto two eyes.

Clustered data
Eyes within same subject receive same treatment.
Typical analysis: log rank test using timeto first event.

Paired data
Eyes within same subject receive different treatments.
Typical analysis: log rank test ignoring the pairing.

Analyses using complete data would save time and resources.
Need to account for clustering in sample size calculations.



Clustered Survival Data

Replicates within a cluster assigned to one of two treatments.
For the k" replicate of the " cluster (k=1,2,...,5; i=1,2, ...,
observe

* T = failure (censoring) time

* Jk = censoring indicator

* Sk = treatment assignment

For the k" replicate of the ™ cluster, define
e counting process Ny(t) = Tk =t, 9« = 1}, t =0, and
e at-risk process Yji(t) = {Tk=>t}, t =0.

For group | = 1, 2, define the counting and at-risk processes by

I‘j I’j

N; ()= i Z Njk(t)l {Sjk = i} Yi(t)= i Zij(t)' {Sjk = i}-
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Clustered Log Rank Test Statistic

Thelog rank statistic is defined to be

L= IYl(t)Yz(t) [N () _ dN, (t)0

Y (t)+Y, (t) vit)  Yat) H

Under some fairly weak conditions,

1. aconsistent estimator of the variance of the log rank
statisticis
Var(L)—iDr } 3S’k() dNJk(t) ij(t)d/\(t)}DZ
2, 2% 0)+%0) =

2. thedistribution of the log rank statistic is asymptotically
normal.




Calculation of Clustered L og Rank Test

Thetermsin the interior sumsin the formulafor Var(L),

S—SJk (t)
f 0y, 0N O-Yi OAO)

are the esti mated score residuals from a Cox regression model with
the regression coefficient set to zero.

Score residuals are available from Cox regression proceduresin
standard statistical packages such as S-Plusand SAS. An S-Plus
function implementing the clustered log rank test is available upon
request.

Note: For non-clustered data, the usual estimator of the variance
for the ordinary log rank statistic is obtained by applying a
martingale identity to the score residuals. In practice, for non-
clustered data, the two estimators are very close.



Intuition for Clustered Log Rank Test

Log rank test statistic equals the sum of the “true” score residuals.

I\(l(:)jky(;[zt) dN . (t) - ij(t)d/\(t)}

Under the null hypothesis of no treatment effect, the expected
value ofSy is 0, and score residuals from different subjects are
assumed to be independent. Hence,

VarEJ,Z Sik Ez EEJZ sjkg = Z Eé Sjkg.

A consistent estimator of the final term is obtained by replacing the
score residuals with the estimated score residuals.



Sample Size Formula (General Case)

(Zl—a/2 + 21—,6’)2 [1 p+md?
Py pzy
K = number of events required
o = Typel error rate
1 — B =power
P, = proportion of replicates assigned to group 1
P2=1-ps
= log hazard ratio (hypothesized treatment effect)
m = number of replicates within each cluster
o = difference in treatment assignment proportions within
cluster
p = correlation between M;; and M,

« - ]
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Sample Size Formula (Special Cases)

Clustered Survival Data (Treatments Assigned to Entire Cluster)

K = (21—0/2 + Z:|_2_IB)2 [1+ (m_l)p]
PPV

Paired Survival Data

K = (Zl—a/2 + 212—,8)2 - o]
PLP2Y

Reduces to Schoenfeld’s formulanf= 1 orp = 0.

(Zl—a/2 + Zl—,B)z

K =
p1p2V2




Comments on Sample Size Formulas

e Assumptions:
All clusters are the same size.
Observations within the same cluster are exchangeable.
Marginal proportional hazards model.

* Dependence within cluster measured by p.
p depends on both the censoring and the failure time
distribution.
Not a measure of true dependence of the failure times.

* p Isestimable using only masked data.

 In practice, adjust target number of events during tridl, i.e.,
stop the trial when the observed number of events = K(pha).



Simulations. Size and Power

Clustered data: 50, 100 or 200 subjects per group.

Use clustered log rank test (CLR) or time to 1% event (TFE).
Paired data: 50, 100 or 200 subjects.

Use clustered log rank test (CLR) or ignore pairing (OLR).
Two observations per subject.
Uniform recruitment over 1 year; 3 year study length.

Conditional PH mode!:

Gamma, log-normal, or inverse Gaussian frailty.

Baseline hazard (given frailty) equal to 1 (control) or HR (trt).
Marginal PH model:

Gamma frailty.

Marginal hazard equal to 1 (control) or HR (trt).
Treatment difference (HR) equal to 1, 0.75, and 0.5.

10,000 simulations. Tests performed at nominal 5% level.



Simulation Results — Clustered Data, Null Hypothesis

Frailty distribution
Conditional models Marginal model

Frailty Inverse

N variance Gamma Lognorma  Gaussian Gamma

CLR TFE CLR TFE CLR TFE CLR TFE
50 05 57 54 54 54 55 53 5.6 5.2
100 05 50 51 51 51 50 48 5.5 5.2
200 05 52 50 52 48 50 49 5.0 4.5

50 1 51 48 56 56 57 55 5.8 2.4
100 1 53 53 54 52 53 51 2.5 5.2
200 1 55 56 51 51 48 51 2.4 5.3

50 2 51 50 56 54 56 54 6.4 2.5
100 2 51 53 53 51 51 49 5.8 2.5
200 2 50 50 49 50 54 53 5.0 4.7



Simulation Results — Paired Data, Null Hypothesis

Frailty distribution
Conditional models Marginal model

Frailty Inverse
N variance Gamma Lognorma  Gaussian Gamma
CLR OLR CLR OLR CLR OLR CLR OLR
50 05 51 19 54 27 52 25 5.6 1.8
100 05 52 19 52 28 54 27 5.4 1.5
200 05 54 21 54 27 54 27 5.1 1.3

50 1 45 06 55 21 52 20 4.9 0.4
100 1 48 0.7 47 17 51 20 4.9 0.3
200 1 48 0.7 54 19 52 138 5.0 0.3

50 2 47 02 48 12 50 12 4.5 0.0
100 2 47 02 52 13 4.7 12 4.4 0.0
200 2 50 02 53 15 52 13 5.0 0.0



Simulation Results — Clustered Data, HR = 0.5

Frailty

N variance Gamma

CLR TFE
5 05 815 65.0
100 05 98.3 91.6
200 0.5 100.0 99.7
50 1 60.7 46.9
100 1 88.2 75.2
200 1 99.3 96.2
50 2 351 27.3
100 2 62.4 49.2
200 2 88.5 78.1

Frailty distribution

Conditional models

L ognormal

Inverse

Gaussian

CLR TFE CLR
88.8 744 885
94 962 994
100.0 100.0 100.0

/8.3
97.2
100.0

66.0
91.6
99.7

64.0
90.6
99.6

4.8
82.8
98.5

1.6
96.8
100.0

62.8
89.9
99.5

TFE
/3.9
95.9
99.9

63.9
90.4
99.6

52.8
81.8
98.1

Marginal model
Gamma
CLR TFE
97.1 82.3
100.0 984
100.0 100.0
95.0 78.7
99.6 90.6
100.0 100.0
02.2 77.3
99.9 96.9
100.0 100.0



Simulation Results — Paired Data, HR = 0.5

Frailty distribution

Conditional models Marginal model
Frailty Inverse

N variance Gamma  Lognormal Gaussian Gamma
CLR OLR CLR OLR CLR OLR CLR OLR
50 05 752 650 793 727 783 714 965 92.0
100 05 97.0 937 959 908 973 956 100.0 99.8
200 0.5 100.0 99.9 100.0 100.0 100.0 99.9 100.0 100.0
50 1 674 450 73.7 617 722 604 992 95.1
100 1 031 812 957 917 955 90.6 100.0 100.0
200 1 999 99.2 100.0 995 999 99.8 100.0 100.0
50 2 535 212 671 502 637 455 1000 974
100 2 842 523 926 842 913 817 1000 100.0
200 2 99.0 90.7 998 994 996 989 100.0 100.0



Simulation Results — Clustered Data, HR = 0.75

Frailty distribution
Conditional models Marginal model

Frailty Inverse
N variance Gamma  Lognormal Gaussian Gamma
CLR TFE CLR TFE CLR TFE CLR TFE
50 05 229 169 282 195 267 189 391 23.1
100 05 399 281 483 342 489 352 65.3 41.9
200 05 670 498 772 598 774 59.1 908 68.6

50 1 156 124 223 169 21.7 16.7 351 21.5
100 1 261 196 382 288 360 273 3592 38.2
200 1 45.7 344 644 492 632 496 86.5 64.9

50 2 99 88 177 144 172 143 328 22.2
100 2 151 126 291 234 2/3 226 53.7 37.0
200 2 26.7 20.7 51.3 40.7 486 403 816 63.4



Simulation Results — Paired Data, HR = 0.75

Frailty distribution
Conditional models Marginal model

Frailty Inverse
N variance Gamma  Lognormal Gaussian Gamma
CLR OLR CLR OLR CLR OLR CLR OLR
50 05 210 122 222 157 214 148 37.3 22.5
100 05 37.7 241 387 292 386 294 644 46.9
200 05 640 489 66.1 564 665 568 915 81.8

50 1 171 59 205 116 193 10.7 50.2 18.6
100 1 31.3 127 349 223 340 21.7 808 46.6
200 1 55.8 296 613 46.7 593 443 981 86.2

50 2 136 1.7 175 7.7 160 73 755 13.5
100 2 239 42 311 160 296 153 970 46.7
200 2 441 106 552 351 528 333 1000 932



Commentson Simulation Results

Clustered data
e Either CLR or TFE will maintain correct size.
o Substantial Improvements in power using CLR over TFE.

Paired data
 CLR maintains correct size.
e OLR dramatically overstates size.
» Substantial improvementsin power using CLR over OLR.

Overall comments
« Emprical power agrees with theoretical calculations.
 Inverse Gaussian and lognormal frailty models very similar.
« Martingale correlations range between 0.23 and 0.79.



Example:
Early Treatment Diabetic Retinopathy Study

3711 patients with nonproliferative or early proliferative diabetic
retinopathy

Enrollment lasted from April 1980 to July 1985

Final follow-up visit in June 1989

Multifactorial treatment design with several different endpoints.
For illustrative purposes, we consider only a single question.

One eye per patient randomized to early photocoagulation

» Fellow eye assigned to deferral until development of high risk
proliferative diabetic retinopathy

 Survival endpoint:
Timeto severe visual loss or vitrectomy



ETDRS Design Consider ations
e Treatment effect:
5-year rate in eyes assigned to deferral = 10%
5-year rate in eyes assigned to early photocoagulation = 6%
Hazard ratio = 0.587 (y =-0.533).

e Two-sided Type I error rate (a) = 1%
e Power (1-) =98%

 Paired assignment of treatments (p, = p, = 0.5).

* Required number of events (ignoring pairing) = 303.
Assumes fellow eyes are uncorrel ated.

e Correlation-adjusted required number of events = 303 (1-p).



Timing of Analysisin Event-Driven ETDRS Design

Stop Stop

AnalysisDate N Ppha K(pra) N>K(pna)? N>K(0)?
April 9,1985 125 0401 182 No No
Oct.9,1985 165 0.359 195 No No
April 9,1986 202 0.337 201 Yes No
Oct.9,1986 240 0.318 207 No
April 9,1987 276 0314 208 No
Oct.9,1987 318 0.316 208 Yes

April 9,1988 352 0.331 203
Oct. 9,1988 378 0330 203
April 9,1989 388 0.325 205

N = observed number of events as of analysis date
Phat = €stimated martingale correlation as of analysis date
K(pnat) = correlation-adjusted required number of events



Analyses of ETDRS Data

Asof April 9, 1986 (final analysis using correlation adjustment),
Cluster log rank: Z =-2.64, p-value = 0.0084.
Ordinary log rank:Z = -2.15, p-value = 0.0318.

As of October 9, 1987 (final analysis using number of events),
Cluster log rank: Z =-4.30, p-value = 0.000017.
Ordinary log rank:Z = -3.56, p-value = 0.00037.

Final data as of June 1989,
Cluster log rank: Z =-4.89, p-value = 0.0000016.
Ordinary log rank:Z = -3.98, p-value = 0.000067.

Accounting for correlation of fellow eyes:
* reduces study length by 1.5 years and
 requires 1/3 fewer events (202 v. 303).



% of Eyes Developing Severe Visual Loss or Vitrectomy
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Severe Visual Loss or Vitrectomy over Time

Analysis of ETDRS Data as of April 9, 1986
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% of Eyes Developing Severe Visual Loss or Vitrectomy

Severe Visual Loss or Vitrectomy over Time

Analysis of ETDRS Data as of October 9, 1987
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% of Eyes Developing Severe Visual Loss or Vitrectomy

Severe Visual Loss or Vitrectomy over Time

Analysis of Final ETDRS Data
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Extensions & Future Work

o Stratification
Calculate score residuals separately for each stratum.
Observations within clusters can belong to different
Strata.
* Weights
Allows for an arbitrary predictable weight function
such as Fleming-Harrington G”” family.
Replace of score residuals with weighted score
residuals.
« Sequential monitoring
| ndependent increments structure (7).
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