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Abstract

Cardiovascular (CV) event trials are long term, large scale and costly trials. Since the
study power for an event-driven trial depends on the total number of events, it is
important to use all available information including blinded information acquired during
the study to continuously predict the timeline of reaching the target number of events at
different study stages. The sponsor thus can timely optimize resources and modify the
new drug development strategy. In this paper, we consider the methodology for such a
timeline prediction. The background hazard rates of different time intervals used for the
prediction are based on the observed internal blinded rates and the external published
rates. We first derive the conditional probability of having an event by a specific time
point or the common end of the study given the observed information of a patient. We
then calculate the total number of events as the sum of the conditional probabilities across
all patients. These conditional probabilities are increasing functions of the overall study
duration. Thus, we can predict the timeline to reach the target number of events. We use a
CV trial example to illustrate the application of the methodology.

Keywords: hazard rate, conditional probability, event time, study duration, intent-to-treat.

*hui.guan@sanofi.com

1. Introduction

Cardiovascular (CV) event trials are often conducted to assess the CV efficacy or safety of
experimental drugs particularly since the Food and Drug Administration (FDA) issued the
guidance [1] in 2008 for evaluating CV risk with the use of new therapies for treating type
2 diabetes mellitus (T2DM). The FDA guidance recommends that before the submission
of an anti-diabetic New Drug Application, the sponsor should demonstrate the Non-
Inferiority (NI) of the drug compared to control(s) on CV risk using a 1.8 margin for the
relative risk. Unless the pre-marketing data have already shown the NI based on a 1.3
margin with a sufficient number of events, a post-marketing CV safety trial should be
conducted to show the 1.3 NI achieved by either data from the single CV safety trial that is
adequately powered or by the combination of the pre-marketing trials and the post-
marketing safety trial. As a result, a sponsor developing a T2DM drug has to conduct a
CV trial if the Phase 111 data alone cannot demonstrate non-inferiority with the 1.3 margin.

CV event trials are long term, large scale and costly trials. Since the study power for an
event-driven trial depends on the total number of events, it is important to use all
available information including blinded internal information acquired during the study to
continuously predict the timeline to reach the target number of events. The sponsor thus
can timely optimize resources and modify the new drug development strategy. Obviously,
many factors can impact the timeline for reaching the target number of events. One of
them is the background CV event rate or hazard rate that could vary substantially from
less than 1.0% per patient-year to more than 10% per patient-year [2, 3] depending on the
patient populations. Even within the same group of patients, the event rate could also
change dramatically overtime. For example, the event rate in T2DM patients with acute
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coronary syndrome (ACS) that includes acute myocardial infarction or unstable angina
requiring hospitalization within the previous 15 to 90 days could be reduced from around
10% per patient-year during the first several months to around 3.5% 2 years later [2].
Another factor is the enrollment curve — a quicker enrollment will increase the total
exposure for the study given the same total study duration. Sample size for the study is
obviously another critical factor. Given these key factors and additional other observed
information during the trial, the expected total number of events is an increasing function
of the total study duration and the timeline for reaching the target number of events can
be predicted.

Like other experimental drugs (e.g., lipid lowering drugs), an anti-diabetes drug could
have a CV protective effect. Moreover, due to the difficulty of recruiting patients for a
non-inferiority CV trial, the sponsor could design a CV trial with the objective of
demonstrating potential superiority or just demonstrating non-inferiority if newly
available information including external or internal interim information shows the chance
for the superiority is slim. The required numbers of events for the desired power for these
two objectives are very different. For example, with 20% true overall risk reduction, 90%
power and one-sided 2.5% significance level, the required number of events is 844 for
showing the superiority and is only 179 for demonstrating non-inferiority with a 1.3
margin for relative risk. On the other hand, if there is truly no treatment effect, no matter
how large the number of events is, there will be at most a 2.5% chance (the Type | error
rate) to show the superiority and the required number of events is 612 to have 90% power
to show non-inferiority. Within the same study, we can only assume one true treatment
effect. Then the required number of events for the superiority assessment is always much
larger than that of the non-inferiority assessment.

Recently, a CV trial was designed for an experimental diabetes drug using high risk
T2DM patients with recent ACS. The objective of the trial was to demonstrate the
superiority or non-inferiority of the experimental drug compared to placebo on CV risk.
An independent Date Monitoring Committee was instituted to closely monitor data
during the trial. Unless there was a serious safety issue, there was no plan to stop the trial
early. At the design stage, the background hazard rates were assumed to be 10% per
patient-year during the first year and 7% per patient-year after the first year. A linear
enrollment curve of 37 months to enroll a total of 6000 patients was also assumed. To
have 90% power based on an Intent-To-Treat (ITT) analysis to detect an overall 20% risk
reduction at 2.5% significance level (one-sided), the required number of events was 844.
In case it failed to demonstrate the superiority, this number of events would also ensure
sufficient power for establishing non-inferiority with a 1.3 margin if the true treatment
effect is null. To reach this target of 844 events, the total study duration (from the first
patient randomization to the end of the study) was anticipated to be 47 months. After the
number of events reached 353, the sponsor’s management wanted to make a more precise
prediction of the timeline for reaching 844 events using all updated information including
information from published articles of CV trials with a similar population as well as
internal interim blinded information such as the real enrollment times for enrolled
patients, the observed event times for those who had had events and the observed event-
free times for those who had not yet had events. The purpose of this paper is to provide
the methodology which could also be applied to other future CV trials.

2. Estimate of event rate

Because of the large difference in CV event rate across different patient populations,
when a CV trial is designed, the first step is to determine the patient population for the
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trial. Besides the target patient population for the indication, the use of a high risk patient
population associated with a higher event rate requires a smaller sample size for the
study to achieve the same target number of events at a given study duration. However, it
may be more difficult and take longer to recruit high risk patients than regular patients.
The sponsor has to carefully balance the event rate versus the difficulty of recruiting such
patients. In the aforementioned CV trial example, the hazard rates for the high risk patient
population at the initial event monitoring and timeline prediction were assumed to be 10%
per patient-year for the first year and 7% per patient-year afterward. About 3 years after
the first randomization, 353 out of approximately 5000 enrolled patients had at least one
positively adjudicated primary CV event. The observed blinded pooled numbers of events,
the exposures and the hazard rates for 6-month time intervals up to 2 years based on the
5000-patient data sweep are presented in Table 1.

Table 1. Blinded pooled hazard rate for the ongoing CV trial based on 5000-patient dataset

Time interval # of patients Exposures Annual hazard
with event (PYs) rates (%)
0—6 months 210 20715 10.1
6-12 months 90 1375.7 6.5
12-18 months 40 746.1 5.4
18-24 months 13 349.5 3.7

Therefore, the observed pooled event rates were 8.7% (ie, 300 patients in 3447.2 patient-
year exposure) and 4.8% (ie, 53 patients in 1095.6 patient-year exposure) per patient-year
during the first and second year after the first randomization. There were not enough data
for estimating the event rate beyond the second year. These rates were lower than initially
assumed, which implied that the total study duration could be longer than what was
initially predicted. The use of external data would be helpful to confirm these hazard rates.

Around the same time of the data sweep, results from a similar CV trial called
EXAMINE [2] became publicly available. The trial recruited a total of 5380 Type 2
diabetes patients who had had ACS within 15 to 90 days before randomization, which
was a similar patient population to the example CV trial. EXAMINE used an adaptive
design with several pre-planned interim analyses and the dual objective of demonstrating
non-inferiority or superiority of alogliptin compared to placebo on CV risk. The pre-
planned interim analysis after 550 positively adjudicated primary CV events
demonstrated the non-inferiority of alogliptin compared to placebo. The estimate of the
hazard ratio was 0.96. The upper bound of the repeated confidence interval (adjusted for
the pre-planned interim and final analyses) was 1.17, which was smaller than the non-
inferiority margin of 1.3. Based on these results, the conditional power for the superiority
assessment at the final analysis with 650 events was less than 20%. Therefore, on the
basis of the protocol, the trial was stopped with non-inferiority but not the superiority
claim. An additional 71 patients had CV events after the 550-event interim analysis and
before the database lock resulting in a total of 621 patients with CV events in the trial.
The hazard ratio from the final analysis was 0.96 and the upper bound of the confidence
interval was 1.16. The two Kaplan-Meier (KM) curves of cumulative CV event rates for
the two treatment groups (Figure 2 in the EXAMINE publication) were almost identical.

Because of the similarity in populations for EXAMINE and the example CV trial, we
certainly could use the results from EXAMINE along with the blinded pooled data from
the ongoing CV study to get reliable estimates of the hazard rates to predict the future
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events’ occurrence and the timeline of reaching the target number of events. Since
individual patients’ data from EXAMINE were not available from the publication, we
used the KM curves to manually measure the approximate cumulative event rates up to
some key time points, which are depicted in Figure 1 and Table 2.

Figure 1. Approximate pooled cumulative CV event rates from EXAMINE
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With these cumulative event rates, the approximate hazard rates of the corresponding
time intervals were derived using a piece-wise exponential distribution for the event time
via the following method.

Suppose T, , k =1, ..., K, are the key time pointsand P(T,) =1-S(T,), k=1, ..., K, are
the corresponding cumulative event rates. If a piece-wise exponential distribution is
assumed for the event time with hazard rate 4, for the kth time interval, then the hazard

function is

A) =410 <t <T) + LUT, <t <T,) + AUT, <t <T,) + L,UT, <t <T,)+ AT, <t),
where K=5and T, =0.5xk years for k =1, ..., K. Based on P(t) :1—exp{— j(t)/l(s)ds}
and the observations of P(T,) from the EXAMINE trial (P(T,) =5.3%, P(T,) =8.7%,

P(T;) =11.3%, P(T,) =13.3%, P(T;) =15%), we can calculate the piece-wise constant
annual hazard rates for the time intervals as follows.

P(T,) =1-exp{- A4T,}=0.053 = 4, = —log(l - 0.053)/T, = 0.1089
P(T,) =1-exp{- (4, = 4,)T, - 4,T,}=0.087 = 4, = {log(L - 0.087) + 4T, }/(T, - T,) =0.0731

P(Ty) =1-expl- (4 = 4,)T, = (4, — )T, - 4T, } = 0.113
= A, = {log(L-0.113) + AT, + A, (T, = T;)}/(T, —T,) = 0.0578

P(T,)=1- exp{— (4 =201 = (A = )T, = (A = A) T3 - /14T4}= 0.133
=>4 = {IOg(l_ 0.133) + ATy + 4, (T, = Ty) + A5(T; —Tz)}/(T3 —T,)=0.0456

P(Ts) =1~ exp{— (A =A)T (4 = A)T, = (A = AT — (A4 — A) T, — /15T5} =0.15
= 45 ={log(l—0.15) + AT, + A, (T, = T,) + A (Ty = T,) + A, (T, = T5)}/(T, = T5) = 0.0396

With a large K, the piece-wise exponential distribution will be close to a smooth non-
parametric distribution. Since the purpose here is to predict the timeline for study

1717



JSM 2014 - Biopharmaceutical Section

planning rather than performing formal data analysis to make claims, K of 3-5 should be
sufficient. Table 2 shows the annual hazard rates of individual 6-month intervals with
K=5 based on the KM plot of the EXAMINE trial. They were slightly higher than the
observed hazard rates of the example CV trial as shown in Table 1 likely due to a
difference in the duration between qualifying ACS event and randomization. Note that if
the experimental drug has a CV protective effect, the hazard rate of the experimental drug
arm would be smaller than the background rate of the placebo control arm. Thus, the
pooled blinded hazard rate would be smaller than the background hazard rate. As
anticipated, the hazard rate for an ACS patient population decreased over time.

Table 2. Observed hazard rates for EXAMINE

Time interval Cumulative rate (%)* Annual Hazard rate (%)
0-6 months 5.3 10.89
6-12 months 8.7 7.31
12-18 months 11.3 5.78
18-24 months 13.3 4.56
24-30 months 15.0 3.96

*cumulative event rate (%) up to the end of the interval.
3. Prediction of timeline for ongoing trial

Intent-to-treat (ITT) design and analysis are often used for major CV trials. With an ITT
design, all patients including those who discontinue study medication will be followed
until the common end of the study. Their events occurring after treatment discontinuation
will still be included in the analysis. Suppose the ith patient enters the study at time t,

(relative to the first randomization) and the first event time relative to the randomization
of the patient is S; . For a piece-wise exponential distribution for the event time, the

hazard rate is a constant within a pre-specified time interval. For simplification of
presentation, let’s consider the case of a total of 4 fixed time intervals [0, y,), [y, Y,),

[y,,y;) and [y,, ) where y, could be year k or other time value. The ideas can be

generalized to any number of time intervals if a smoother non-parametric distribution for
event time is more preferable. Again, these assumptions should be reasonable for the
purpose of predicting the timeline rather than making a claim. The hazard function is a
step function over time

A(8) = 2105 < Yy + 1Y, <5< Y) + ALY, <5< y) + A4y, <5) (D)

where 4, > 4, > 4, > 4, >0 for the example CV trial with a high risk ACS patient

population as suggested by the results in Tables 1 and 2. For the other patient population
particularly relatively low risk populations, 0 < 4, < 4, < 4, < 4, may hold to more

realistically reflect the reality as patients age gradually. Here, we consider a simple case
of using the pooled hazard rate of the two treatment groups for the overall timeline
prediction. This is particularly reasonable if the treatment is non-inferior to the control or
has a small impact on the hazard rate (e.g., around 15% overall risk reduction) and
treatment is still blinded for the ongoing trial. Similarly, we do not incorporate the impact
of treatment discontinuation on the hazard rate for the ITT analysis to avoid the
complication of the prediction even though it is achievable [4]. With hazard function (1),
the corresponding survival function can be derived as
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exp(=4s), 0<s<y,

exXpl— (4 — )Yy — A5}, Y, <5<V,

expl-(h—A)Yi —(h—4)Yo — A8} Yo <S<Vs
eXp{_(ﬂl_ﬂz)lﬁ_(ﬂz_ﬂe)yZ_(ﬂe_/14)Y3—/145}, Y3 <S

and the density function as

S(s)= exp{—?)ﬁ(s)ds} =
0

4S(s), 0<s<y,

2,5(8), V1 <5<,

258(8), Y, $8<Ys

A,5(8), Yy3<s

Suppose the timeline prediction is performed while the study is still ongoing. For a

patient who has already been randomized into the study and had an event, regardless of
the randomization time t; (relative to the first randomization) and event time for the

patient, the conditional probability for the patient to have an event during the study is 1 or
the patient can be directly counted to contribute one event to the study. For a patient who
was randomized at time t; and has not yet had an event up to time C; (relative to t; and
time of the prediction), the conditional probability for the patient to have an event by the
common study end time T (relative to the first randomization) is

R(TIC)=P(S <T-418,>C) - P(CE?s§i>§c;T.)_ti)

where probability P(S; > C,) is the survival function S(C,).

f(s)=A(s)S(s) =

We need to calculate P,(T | C;) under all possible scenarios of T —t; and C;.

R(TIC,) = (L 4 exp{- 4s)ds ) exp(~A4C;) = 1-exp{- 4 (T ~t, ~C,)}.
If y, <T -t <y,, then
if 0<C; <y,
P(TIC)=1-exp{-4(y; —C)) — (T —t; - y))};
otherwise if y, <C; <T —t;,
P(T|C))=1-exp{- 4, (T -t -C))}.

If y, <T —t; <y,,then
if 0<C; <y,
Pi(T|Ci)=1—eXp{_ﬂi(y1_Ci)_/12(y2_Y1)_/13(T_ti_yz)};
otherwise if y, <C; <y,,
Pi(T|Ci):1_exp{_/12(y2_ci)_ﬂ'3(-r_ti_yz)};
P(T|C) =1-exp{- 4 (T -t -C))}.
If y; <T —t;, then
if 0<C, <y,
P(TIC) =1-exp{- 4 (s = Ci) = (Yo = Y1) = A (Y5 — ¥2) = Ao (T —t; = ¥5)};
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if y,<C,<Yy,,
P(TIC;) =1-exp{=2,(Y, =Ci) = A5 (Y5 = V2) = A4 (T =t = y3)};
if y, <Ci <y,
P.(T|C) =1—exp{-2;(ys — C;) = A, (T —t; — y3)};
if Y, <C; <T —t;,

R(TIC) =1-exp{-4,(T -t -C)}.

For a patient who has not yet been randomized/entered into the study, suppose the
predicted randomization time is t;, then the conditional probability for the patient to have

an event by the common study end time T is a special case of P, (T |C;)
P(MIC,=0)=P(S; <T-t,]S;>0)=P(S; <T —t;)

or by setting the event-free time C, =0 in the formulas of P,(T |C,) . Clearly, the larger

the T —t;, the larger the conditional probability for a patient to have an event during the

study.

After obtaining the conditional probabilities of having events by time T (the common
study end time) for individual patients, we can sum them up to get the total expected
number of events by time T as

Q(T){zla(ﬂci), @

where N is the total number of patients in the study. Note that P, (T | C;) =1 for a patient

who has had an event observed by the time when the prediction is performed. Again,
Q(T) of (2) is an increase function of T. Therefore, for any specific target number of

events A, Q(T) = A has a unique solution T *. This T * is the predicted timeline for
reaching the target number of events.

Total exposure is another indicator for the amount of data from the study. With this
specific T *, we can calculate the observed and expected total exposure for the study.
The exposure E; for a patient with an event already observed when the timeline
prediction is performed is the time between the randomization and the patient’s event
time. For a patient who has not yet been randomized into the study, the expected
exposure is

where again t; is the predicted patient’s randomization time relative to the first
randomization and S; is the event time from the patient’s randomization that follows the
piece-wise exponential distribution. For a patient who has been randomized into the study
and has not yet had an event by time C; (relative tothe t; so 0<C; <T *—t;), the
conditional expected exposure is E; = Emin(T *—t;,S; | S; > C;) . The total exposure for

N
the whole study is the sum of all the exposures of individual patients E =Y E; .
i=1

4. Prediction for on-treatment analysis

Because of the concern of dilution of treatment effect after treatment discontinuation, the
on-treatment analysis or treatment emergent analysis rather than the ITT analysis may be
the primary analysis for safety evaluation. For the on-treatment analysis, only an event
which occurs within the on-treatment period and the corresponding exposure between
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randomization and earliest of event time and treatment discontinuation are included in the
analysis. When a CV event is considered as an adverse event for non-inferiority analysis,
on-treatment analysis in addition to an ITT analysis should also be performed. Formulas
for calculating the conditional probability of having an event during the study for the on-
treatment analysis are different from those of the ITT analysis.

Suppose the discontinuation time for the ith patient D, (relative to t;) follows a
distribution G(d) for both treatment groups to simplify the presentation particularly for

blinded pooled analysis. If a patient has been observed to have an event before treatment
discontinuation, the conditional probability for the patient to have an event for the on-
treatment analysis is 1. If a patient has been randomized into the study with the observed
event-free time C,; and has not yet discontinued treatment when the timeline prediction is
performed, the conditional probability for the patient to have an event for the on-
treatment analysis is

R°(T1C;) =P(S; <min(T -,,D;)|$; > C;,D; > C;) =

P(C, <S; <min(T -t,,D;)|C)) 3)
P(S; >C;,D;>C;|C;)
where as before, S; is assumed to follow the same piece-wise exponential distribution for

both treatment groups for the purpose of timeline prediction particularly for non-
inferiority assessment. Nonetheless, the derived hazard rates based on the pooled blinded
data of the on-treatment analysis could be different from those of the ITT analysis
(presented in Table 1 for the example CV trial).

To ease the calculation of (3), we can assume that D; and S; are independent, which
isusually the case for survival analysis. Then P(S; >C;,D, >C,; |C;) = P(S; >C; |C,))
P(D, > C; | C;) . We may further assume D; to follow an exponential distribution with a
constant hazard rate of 7 . Under these assumptions, the calculation of P°(T |C,) (3)

under all possible scenarios of T —t; and C; can be found as follows.
Lett, =T —t;,if 0<C, <t <y,

(1— exp{— (4 +m)(t;-C, )})

PUT|C) =
F (T1Ci) P
If y, <t<y,,then
if 0<C, <y,

R'(T|C)

_ A n.__n -~ ey b (1 _ _ . _
_ﬂq+77+(ﬂ1+77 /12+77)exp{ (it =Co} /12+77€Xp{ (= da)¥y = (b + i + 1))}

otherwise if y, <C; <t",,

PO(TIC,) = ﬁz (1—expl= (4, + )(t,=C))).
o+ 7

If y, <t <y;,then

if 0<C; <y,
0 _ ACI. n B n ~ e
" mci)_ﬂﬁﬂJ{ﬂHU ﬂﬁﬂ)exlo{ (h+m0y: = C)J
n n
+(ﬂwﬁ_23+77]exlo{_(ﬂ1_’12)3’1‘(42+77)y2+(ﬂq+77)Ci}
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B exple (A~ A) Ve~ (o — A5)Ys — (g + )+ + )G}
A3 +n
otherwise, if y, <C, <y,,
P°(T|C))
= ﬂjin { 12’1 - 13’1 nJexp{— (A +1)(y, =C)} - ljj_n expi= (A, = 43)Y, — (A + )t +(2, +17)C; }
orif y, <C, <t,
RO(T IC,) =%(1—exp{— (s + )(t5-C)Y).
If y, <t then
if 0<C; <y,
0 A4 n__n _ _C.
P, cr|ci>—ﬂi+n+[%+77 lzmjexp{ (4 +m)(y;, - C))}
n_ . n _ _ _ )
{MU Mﬂ]exp{ (4 = 25) Y1 — (A + 7)Y, + (A +1)C;i }

+(ﬂf37—7i-77 ——/147177)8Xp{_ (4 =) — (A = A)Y, — (L +7m)Ys + (4 +77)Ci}

_ /1/1177 expi= (4 — A)Ys — (A = )Yy — (A = A) Yz — (A4 + 1)t +(A4 +17)C,

if y,<C,<y,,

RU(TIC) = % +( 7 7 ]eXp{_(/lz""?)(yz_Ci)}

Ay +1 124‘77_13‘”7

D0 el |
+[ﬂ3+77 ﬂq_HJEXP{ (4 —4)Y, (/]3+77)YS+(/7/2+77)C.}

- /“4 expl= (A — Aa)Ys — (s — 24)Ys — (Al + MUy +(A + 1)Ci )3
+7n

4

if y, <Cj <y,
0 _ A n___n _ —-C.
P mco-wn{%w Mﬂ}exp{ (Za +1)(ya = C))}
- expl- (y — 205~ (a + (s 1))
4t 1
if y, <C; <t

PATIC) = (1 expl- (4 + )(t,-Cy)).
+n

4

For a patient who has not been randomized into the study, the conditional probability to
have an event during the study before treatment discontinuation can be obtained by
setting C,; =0 in (3) or directly calculating P(S; <min(T —t;, D;)) . For patients who had
no events and discontinued before the timeline prediction, their conditional probability to
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have an event for the on-treatment analysis is zero. The timeline for reaching a target
number of events B for the on-treatment analysis is the solution T° of

Q°(T)=3P(T|C)=B

where Q°(T) is a monotone increasing function of T. As discussed previously, for non-
inferiority analysis, the required number of events should be much smaller than that of
the superiority analysis. That is, B<A. Therefore, T° could be smaller than T * even

though events after treatment discontinuation are not counted in deriving T°. The total
exposure for the on-treatment analysis can be derived similarly.

5. Adaptation

A long term and large scale CV trial could be designed to allow pre-planned adaptation
during the trial [4]. For example, EXAMINE used an adaptive design with a potential to
stop the trial for futility or make an early claim of non-inferiority or superiority based on
interim results. The trial was actually stopped early with a non-inferiority claim. Another
CV trial, SAVOR-TIMI 53 [5], was designed with the primary objective of
demonstrating the superiority of saxagliptin compared to placebo on the reduction of CV
risk. A total of 16492 T2DM patients who had a history of or who were at risk for
cardiovascular events were randomized into the study. This population is different from
the ACS population. Final results from the study with 1222 events showed the hazard
ratio of saxagliptin versus placebo of 1.00 (95% ClI: 0.89 to 1.12; p=0.99). The result
could be used only to claim non-inferiority of saxagliptin. If an adaptation was pre-
specified and performed for the trial, non-inferiority could be claimed and the study
stopped sooner with probably half of 1222 events and a smaller sample size.

A trial could always be modified including adding an adaptation strategy based on
blinded interim results or external information. Such a trial modification will not
introduce bias to trial results. After the publications of the results of both EXAMINE and
SAVOR- TIMI 53 that showed only non-inferiority of two DPP-4 drugs, the sponsor of a
diabetes drug, particularly a DPP-4 drug, may want to have a potential adaptation step in
a CV trial. One example adaptation strategy can be described as follows.

If the interim result with 612 events fails to show non-inferiority, the trial will be stopped
and no claim will be made. If the result with 612 events shows non-inferiority of the drug
at a significance level of 2.5% (one-sided) and conditional power for the originally
planned superiority assessment with 844 events is small (say less than 15%), the trial is
stopped with only the non-inferiority claim. Otherwise, if the observed interim result is
consistent with what was expected at the design stage, the trial will be continued and the
superiority assessment will be performed with 844 events at a significance level of 2.5%
(one-sided). Such an adaptive strategy will not inflate the overall type I error rate even
though the nominal significance level is used for testing two hypotheses with different
datasets as shown below.

Suppose the point estimate of the log hazard ratio from the interim analysis is 31 and the

total number of events for the interim analysis is E; (=612 in our case). Similarly, let 32
be the point estimate of the log hazard ratio and E, be the total number of events of the
second stage (=844-612=232 in our case). Then, the total number of events for the final
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analysis is E = E; + E, and the final point estimate is approximately 5= @ .

The non-inferiority null and alternative hypotheses are
Ho, i 0 > log(A) versus H,, 10 <log(A)

where ¢ is the true log hazard ratio and A is the non-inferiority margin (=1.3 in our
case). The corresponding superiority null and alternative hypotheses are

Hyp, 1620 versus H,,:0<0.

Asymptotically, 5 ~ N(5,4/E;), i=1, 2, and & ~ N(5,4/ E). Non-inferiority will be
claimed with E; events at a significance level « if the upper bound
31 +2,441E; <log(A), where z, isthe 1—« percentile of the standard normal

distribution and is 1.96 when « =0.025. If conditional power for the superiority claim
for the E -event analysis is sufficient, the trial will be continued to E events. Then the
superiority will be claimed if 5+ za\/m < 0. With such a strategy, the overall type |
error rate of making any claims is controlled.

First, clearly,

PI(S, + 2,41 E, <log(A)| Hoy) < & (4)
and

Pr(5 +2,4/E <0|Hy) < a. (5)

Note that H,H,, =H,, and
Pr(5 + 2,4/ E <0|Hy,Hy,) =Pr(5 + 2,4/ E <0| Hyy)
<Pr((5 —log(A)) /AT E <—z, —log(A) /41 E | 5 = log(A))
~Pr(Z < -z, —log(A)/+/4/E) =Pr(Z <-5.77) ~ 0 (6)

where Z has a standard normal distribution; for A =1.3, E =844 and z,=1.96,
z, +log(A)/«v4/E =5.77. Therefore,

Pr(5, +2,/4/ E, <10g(A) or 5+ 2,4/ E <0|HyHgy)

~Pr(, + 2,41 E, <log(A)|Hy) =a . @)

Combining (4), (5) and (7), the overall error rate of making any claims is basically
controlled at no more than « . EXAMINE used a 1% significance level for the interim
analysis and a 1.5% significance level for the final analysis to control the overall type |
error rate at 2.5%. Such a Bonferroni type multiplicity adjustment strategy ignoring the
correlation between the statistics of the two stages is very conservative.
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If the proposed procedure fails to demonstrate non-inferiority with 612 events at a
significance level of 2.5%, &, +z,4/4/E; >log(L.3) and &, > log(L.3) —1.96/~/153
=0.262-0.158=0.104. The estimated hazard ratio would be approximately

e > %% =111, Increasing the CV risk by 11% for patients with around a 6% patient-
year rate implies the NNH (humber needed to treat to harm one additional patient) of 152.
In such a case, health authorities may have concern when reviewing the NDA package.
Separately, power to show non-inferiority at a significance level of 2.5% with 612 events
when the true log hazard ratio is zero is already

Pr(5, + o gpsy/4/ E, < log(A) |5 =0)=0.9.

Spending all alpha for the non-inferiority assessment with 612 events is a reasonable
option. If the sponsor really wants to have another chance to assess non-inferiority at the
final analysis with 844 events, the entire 2.5% alpha should not be spent at the 612-event
analysis. When a similar approach of Li et al. [6] is applied, non-inferiority will be
claimed at level «, (<0.025) for the 612-event (Stage 1) analysis. If it fails, non-

inferiority will be claimed at the final analysis with 844-events (stage 2) if both the 612-
event and 844-event analyses demonstrate non-inferiority at a significance level « or the
844-event analysis demonstrates non-inferiority at a significance level «, (<0.025). This

is a Hochberg [7] type multiplicity adjustment approach and is much more powerful than
the Bonferroni approach used in EXAMINE. Given «,, taking into account the

correlation between 51 and &, a, can be derived through

Pr[UB, ,, <log(A) or (UB,, <log(A) and UB, , <log(A)) or UB, ,, <log(A)|Hy,) =«

2,ap

where UB, , is the level a confidence upper bound for & of stage | analysis. The

sponsor would like to demonstrate superiority at the 844-event analysis. Therefore, no
superiority assessment is performed at the 612-event analysis and all alpha for the
superiority assessment is reserved for the final analysis. Since the trial could potentially
be stopped at the 612-event analysis with the non-inferiority claim, it would also be of
interest to predict the timeline to reach this number of events based on the on-treatment
analysis.

6. Example CV trial

In the blinded 5000-patient data set for the ongoing CV trial that was planned to
randomize a total of 6000 patients, 356 patients (353 adjudicated and confirmed cases in
the database plus 3 likely new cases) had had at least one primary CV outcome event. For
the primary objective of the study of assessing the,superiority, the target number of
events for 90% power to detect a 20% risk reduction was 844. Therefore, we needed to
predict the timeline T * for the other patients to have 488 additional events. Separately,
for the non-inferiority assessment, the target number of events was 612, so we needed
also to predict the timeline of having 266 additional events. For the prediction, we
considered 4 time intervals for the piece-wise exponential distribution for the event time
and four scenarios for the hazard rate configurations as in Table 3. Scenarios 1 and 2
mimicked the combination of the observed blinded pooled hazard rates from the ongoing
study and the derived hazard rates from EXAMINE. Scenarios 3 and 4 reflected slightly
higher and lower hazard rates for sensitivity predictions, respectively. In addition to the
356 observed events, the prediction utilized all available information in the database
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including the observed randomization times and event-free times for those randomized.
For patients who had not yet been randomized, their randomization times were predicted
based on a refined enrollment model and their event-free times were set to zero.

Table 3. Hazard rate scenarios for the timeline predictions

Time interval Hazard rate (% per patient-year)
Scenario 1 Scenario 2 Scenario 3 Scenario 4
0-1 Year 8.7 8.7 10.0 7.0
1-2 Year 4.8 4.8 6.0 4.0
2-3 Year 4.0 3.5 45 3.5
>Year 3 3.5 3.0 3.5 3.0

For the ITT analysis, the timeline prediction T * was based on
6000-356
QT*)= Y P(T*|C;)+356=2844
i=1

where the summation was over those 6000-356=5664 patients who had not yet had an
event before the prediction. Figure 2 shows the cumulative number of primary CV events
over time for the 4 scenarios of hazard rates based on the ITT analysis. It was predicted
that 844 patients would have the primary CV events by 55 months from the first
randomization under scenario 1, by 56 months under scenario 2, by 51 months under
scenario 3 and by 60 months under scenario 4. The timeline gap between scenarios 1 or 2
and 3 was about 4 to 5 months, and the gap between scenarios 3 and 4 was 9 months.
Note that these gaps were for getting 844-356=488 additional events. The predicted time
was the time when 844 primary CV events occurred. Additional time (e.g. 2-3 months)
would still be needed to get all these events reported, adjudicated, and confirmed as well
as all data cleaned for the database lock and analysis. Most likely, the final number of
events would exceed 844 as in the case of the EXAMINE trial where the target number of
events was 550 but the final number was 621.

Figure 2. Cumulative number of CV events over time based on ITT analysis
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Table 4 presents the other summary statistics for the predictions under the 4 hazard rate

scenarios. Since the hazard rate was a function of time, this average hazard rate was also
a function of the study duration and other factors.
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Table 4. Other summary statistics for the ITT analysis

Scenario 1 | Scenario 2 | Scenario 3 | Scenario 4

Predicted timeline 55 months | 56 months | 51 months | 60 months

Predicted Total Exposure (Year) | 13746.42 | 14189.95 | 11944.73 16014.69

Estimated Overall Event Rate 0 0 0 0
(Event Count/Total Exposure) 6.18% 6.00% 7.09% 5.28%

For the on-treatment analysis, hazard rates based on blinded data of the 5000-patient
dataset from the example CV trial were 8.8%, 4.6%, 3.4% and 3.0% per patient-year for
the first year, second year, third years and afterward, respectively. They were used as
scenarios 4 along with the hazard rates of the other 3 scenarios of Table 3 for the timeline
prediction for the on-treatment analysis. Furthermore, by the time of the prediction, 320
patients had had events observed during the on-treatment period. Among those who had
not had events or not been randomized, 4433 patients had not yet discontinued treatment

and the other 403 patients had discontinued treatment. The timeline prediction T° for a
total of 612 events based on the on-treatment analysis should be the solution of

4433
Q°(T°) =3 P°(T°|C,)+320=612.
i=1

Figure 3 presents the cumulative number of events over time for the on-treatment
analysis for the 4 scenarios of hazard rates. For example, based on the on-treatment
hazard rates of the blinded data from the study (scenario 4), 612 patients would have on-
treatment primary CV events by around 52 months from the first randomization of the
study. It was 3 months ahead of the corresponding timeline for reaching 844 events for
the ITT analysis (scenario 1 in Figure 2).

Figure 3. Cumulative number of CV events over time based on on-treatment analysis
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7. Discussion

In this paper, we discussed timeline prediction for a major CV trial. The hazard rate of
CV event trials can have a big impact on the timeline. Therefore, the first step is to obtain
a reliable estimate of the hazard rate preferably through internal data and to confirm the
estimate by external published results of a similar population. In addition, the hazard rate
should be varied slightly in the prediction to assess the robustness of the prediction
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results. It is reasonable to apply a piece-wise exponential distribution for event time to
the prediction. With such a distribution, the conditional probability for a patient to have
an event during the trial given the patient’s available information can be easily derived.
The sum of all the conditional probabilities across all patients is the expected total
number of events and is a monotone increasing function of total study duration. Thus, the
derivation of the timeline for reaching the target number of events becomes very
straightforward.

The predicted timeline is the theoretical timeline of the occurrence of the target number
of events. For events which need go through an adjudication process for confirmation, we
should keep in mind that there is always a time gap between the occurrence and
confirmation of the target number of events. This non-ignorable time gap should be taken
into account when the predicted timeline is communicated to the trial sponsor’s
management.

Ideas and thinking provided here can be applied to other event-driven trials with some
modification and simplifications. For a trial with a relatively constant hazard rate
throughout the whole study, the number of pieces for the piece-wise exponential
distribution for event time can be reduce. For a trial with a fixed treatment duration for all
patients (e.g., 2 years), sample size rather than the T should adjusted for reaching the
target number of events. Also, with such a design, t; for all patients should be set to 0 in

all the formulas.
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