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Part I: Methodologies

= Key Considerations

= Motivations and Challenges for Blinded Signal Detection
= Exposure Based Modeling

= BDRIBS framework

= Posterior Inference to Screen Signal

= Predictive Inference

= Determining Decision Thresholds using BF

= Incorporating Uncertainty of Historical Information

* Prospective Planning using Contour Plots

= Concluding Remarks
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Key Considerations

= Ensuring patients' safety in clinical trials is extremely important
= Major responsibility of the sponsors of the clinical trials
= Regqulatory authorities encourage aggregate review of safety from ongoing trials
= Specifically to identify potential risks of adverse events of special interest

* FDA recommends!!! and discusses that sponsors develop

= Safety Assessment Committee (SAC): to review important safety information at appropriate
Intervals to make a recommendation whether an event or group of events meets the criteria
for IND safety reporting

= Safety Survelllance Plan (SSP): to prospectively plan the processes and procedures for
assessing serious adverse events (SAEs) and other important safety information

[1] Safety Assessment for IND Safety Reporting, FDA Guidance for Industry, Dec 2015
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Motivations and Challenges for Blinded Signal Detection

= Sponsors may leverage an appropriate blinded review of safety data
= To meet these needs
= To ensure clinical trial integrity
* FDA suggested that an internal SAC conduct unblinded aggregate reviews

= Routine unblinded reviews can create internal firewall issues, namely, unintentional unblinding
or the appearance of inappropriate unblinding of study personnel

= Blinded monitoring can alleviate those problems and help to ensure trial integrity

= Challenges for blinded monitoring
= Methodological challenges on how to make ongoing inference from blinded combined data
= QOperationally can be a complex endeavor as well

Will require a prospective planning of all appropriate steps of how and when
Must be a multi-disciplinary approach
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Exposure-based modeling

= For drug safety monitoring, exposure-time is extremely important

= |t would allow consideration of differential exposure of patients

= |t would also allow adjustment for exposure when combining studies that did not start at the
same time - combined monitoring (blinded or not) is critical in safety monitoring programs

= Modeling events over time
= Let § denote the rate at which the events occur per unit exposure time (say, in 1 patient-year)
= Let E; and Y; denote the total exposure time and the number of events of interest (EQOI) at time t

= Since incidence rate for an SAE is typically very small and large patient-years are often at risk —
we assume that number of events follow a Poisson process over time

= The Poisson distribution describing this process is thus

§- 1)k
P[Y, = k|E, = 1,8] = o5 ¢ k.T) k=0,1,2,..
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Assigning prior on incidence rate §

= We assume a prior distribution for §:
w(5)

= Historical knowledge on the concerned SAE can be used to Gamma prior (a=4.3, b=1000)
model 7(6)

= Example: Suppose we know from the past data that the
average rate was about 4.5 per 1000 patient-years (pyr)
and the chance of observing more than 1 events in 100 pyr
IS very low (say < 2.5%)

= Gamma distribution is often used to model the prior since it is S
a natural conjugate to Poisson distribution 00 02 04 06 08 10 12 14 16 18 20

= This information may be modelled well using a Gamma(a, b),
with a =4.5 and b=1000. It gives a prior mean of 4.5 per 100
pyr and the chance of observing more than 1 events in 100
patient years is about 2%.

Incidence rate per 100 pyr
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BDRIBS Framework

= BDRIBS (Bayesian Detection of potential Risk using Inference on Blinded Safety data)

- A complete Bayesian framework to monitor and detect potential risk of safety signal from
ongoing blinded clinical trial data

= Consider an ongoing blinded clinical trial:

- Suppose we observe (Y, E) where Y is the total number of events and E is the total exposure
(in patient-years)

— Subjects were randomly allocated with k: 1 ratio to treatment group (T) and control group (C).
— Let the true (unknown) incidence rates be §, and §, for control and treatment group, respectively

— To monitor the safety signal by studying the relative risk r = §, /9§,

= Note that the relative risk r is the parameter of interest
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Distribution Assumptions and Derivation

—

= Although unobservable from blinded data, let (Y,, E;) and
(Y;, E;) be the pairs of event and exposure time in C
(index=0) and T (index=1) groups, respectively

We denote true mean number of events as 1, and 1, thus

Number of events in each group, Y;, are independent Poisson:

YJ-~Poisson()Lj)j = 0,1

r-k+1>

— Y~P0isson</1=E-50- 1

Denoting Y =Y, + Y; and we have Y~Poisson(1 =1y + A;)

Since, 51 =I‘-50 Weget/10+/11 = 50'(E0+T"E1)

Assuming similar dropout rates in both groups, the total exposure
E would be distributed approximately in the same proportion as in

the allocation ratio (k : 1),thus E; = k - E, )
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Prior modeling of the risk parameter r

—_

= The likelihood function of observed blinded data
(Y = y,E = e) is thus a Poisson pmf which we
denote as

f(y|€, kr r, 50) = f(ylr' 50)

Assuming &, will be estimated from historical
data and denoting m(r|d,) as the prior of r for a
given §, the corresponding posterior is thus:

" (rly,80) < f(ylr,80) - m(r|5o)

Using theoretical result that the conditional Poisson is a

A1
A+2,

Binomial we have Y;|Y ~Bin(Y,p) where p = and with

simplification
k-r p
orr =
k-(1-p)

where p = Prob(an event has occurred in the treatment
group | given that the event occurred in the combined blinded
data)

p=k-r+1

We typically do not have any information on the
relative risk r — so we need to assign a
noninformative prior on r

> 4

Note that it would be harder to define a
non-informative prior on r directly as it is defined
on [0,).

This interpretation of p helps us to assign an appropriate
[noninformative] prior on p.

Then we use the mathematical relationship between p and r
to induce the prioronr
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Prior modeling of p and r

= For equal allocation, i.e., when k = 1, if we have no prior Priors for p ~ Beta(a, a)
knowledge of additional risk for the treatment group as — e

compared to the control group, then it is appropriate to assign a \ /\?533/

non-informative prior on p

= Jeffreys’ non-informative prior, Beta(0.5,0.5), or the Uniform
prior, U(0, 1), may be reasonable choices

= We can then obtain the corresponding prior densities of r — we ‘
notice that this gives equal prior weightonr <1 and r >1:

Pr>1)=P(r<1)=05

Induced prior densities for r

= This holds for any symmetric prior on p, e.g., p~Beta(alp, alp)
but with larger values of alp we would make it harder to detect

Increased signal
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Prior modeling of r (when k > 1)

= |If we keep using symmetric priors such as
Beta(0.5,0.5), or U(0,1) when k > 1, then it puts Induced prior densities for r
decreasing weight on r > 1 as k gets larger when p ~ U(0,1)

= Whenp ~ U(0,1) then ’ I; Pc().r;;) o
Pr>1)=1/(k+1) o o
0.6 4 0.20

= There are a few ways we can adjust for this
1. Use prior of r derived from k = 1.

2. Adjust prior on p~ beta(alp, bet) so that
P(r > 1) remains about 0.5

= Note that Bayes Factor can counterbalance some of
this without any upfront adjustment in prior

0.0+
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Posterior inference using BDRIBS — A worked example

o
=

no-data

= Suppose that with a total of E = 2000 patient years
at risk with equal allocation (k = 1) we see a total of o —
y events (i.e., Y =y) “ ]

- We first proceed with a conditional Bayesian inference

by assuming &, to be fixed at §, estimated from past " /

historical data: = _' ' ‘ _' _'

* Suppose that from past historical data we know that x =

18 events had occurred in the control group from o
H=4000 patient-years of exposure resulting in an ° ] —
incidence rate estimate of §, = % = 0.0045 =

- Letusassume p ~ U(0,1)

- Let us now consider a few what-if values y = 10, 15, 20 - |
to assess the risk signals 0 : 4 ° ’

Since prior was not conjugate to likelihood, needed MCMC simulations to
generate samples from the posterior distribution.
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Bayesian posterior inference

= We can compute posterior probability of {r > 1}to
assess any elevated risk

P(r>1ly)

= On many occasions, there may be more concern if
the relative risk exceeds a clinically important level

c(c>1) — =10

y=15
P(r>cly) | — =20

y=10 | 0472 | 0359 | 0.221 o\

y=15 | 0927 | 0.870 0.757 A A
 y=20 0998 | 0994 l 0.979 l | L / \\____ >~ |
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Bayesian predictive inference

= We can also leverage the framework to predict the probability that a future event will come from the
treatment group

- Recall that Y;|Y,p ~Bin(Y, p)

- Thus, the predictive probability that a future event will come from the treatment group is given by
PP = 1|y = 1,y) = [ p - n(ply)dy = E[ply]

which is simply the posterior mean of p for our model

e E[p]y]
e No-data 0.500

- > y=10 = 0.465

. y=15 0.654
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How to do a Bayesian testing on signal strength

= |n Bayesian inference, the use of Bayes
Factors (BF) provides a decision theoretic
framework to test say

Hy:r<cvs.Hy:r > ¢

(see e.g., Berger, 1985; Kass and Raftery, 1995;
Goodman, 1999)

Bayes Factor of H,;to H, is then defined as the
ratio of marginal likelihoods and is often easier to
compute as the ratio of posterior odds to prior

= For example, when y = 15 the posterior
odds forr > 1is given as

P(r > 1|data) 0927 _ 127
P(r < 1|data) ~ 0.073

and the prior odds = 0.5/0.5 =1.

- Thus BF [r>1]y=15] = 12.7

odds: P(el]y) P(rL2]y) [PLS|y)BF>T]  BF[>1.2] BFr>LS]
P(H{|y) _ P(Hy) . No-data% 0.500 i 0.455 -
P(Hyly) P(Hy) y=10 : 0472 ¢ 0359 | 022 [ 03

y=15 | 0927 | 0870 12.7
y=20 i 0998 | 099% | 0979 | 5395

(posterior odds) = (prior odds) * (Bayes Factor)

198.4
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Finding threshold using Jeffreys scale

= Avalue of BF > 1 means that data supports H, more than H,

= There are limits on changes in a weight of evidence (i.e., a change in an odds ratio, or BF) that humans
can reasonably perceive their degree of belief in a hypothesis in everyday use (Good, 1979)

= Scales are suggested by Jeffreys (1961) to interpret the BF:

Negative (supports H,)
Barely worth mentioning
Substantial

Strong

Very strong

Decisive

- There is another slightly different scale suggested by Kass and Raftery (1995)

- We can compute corresponding thresholds on posterior probability scale (see Mukhopadhyay et al , 2018)

. [ oo Data & Statistical
be\/le | Sciences Bayesian detection of safety signal from blinded data | June 2021 | DIA BSWG




Sensitivity analyses and other prior modelling options

= Examining the sensitivity with respect to prior on p

- The results so far were based on p ~ U(0,1) and we could check with some other priors e.g., the
Jeffreys prior on p

p~Beta(0.5,0.5)

= We can also work with a joint prior modelling framework:

mt(r, 6p) = m(r|8p) * (o)

- However, there is no gain in information on estimating §, with blinded data
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Average Bayesian Inference

, i iti Estimated Densities of
= We can assume a prior on &, ~_ Estimated Ee”S't'es of metimated bensities ofr
- For example, suppose §,~Gamma(x, H) | 7 | — Y e
based on say, x = 5 historical events from : Using -
. . 8,=0.005
H = 1000 patient-years in the control group  : 0
~ We do not however gain additional L [ S
information on 6, with the new blinded data "= o Sk o
Prior and Posterior densites of del_0 4 U S| n g u:s [\
: 8o ~ Gamma (5,1000) BTN
0’0‘01 | UDIOS | UDIOE- | 00‘07 | UDIOB | Oﬂilk_‘&ﬁﬂ_ﬂlﬁ | 00‘1‘- | 00‘17 | UDI1B | ; USing Ei
S | o | ] 8o ~ Gamma(1,200) -
- Thus it adds extra noise to reflect uncertainty N
On the baCkground rate UIU U.I1 U.IZ D.I3 UI4 U.IE U.Ié U.IT U.‘B U.IB 1.IU 0 1 2 3 4 5 g T
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Incorporating uncertainty in historical information

= Examining with respect to using a fixed §, = 0.0045

Sensitivity analyses to account for uncertainties in the true background rate

- We can check how the inference is sensitive with the

1.0
choice we made for §, by using a range of values §, o
. . . 0.9+ S
supported the prior based on historical data
0.8 i
- For example, suppose §,~Gamma(x, H) is based on  o7-
say, x = 18 historical events from H = 4000 patient- % 06 T
years in the control group = ol &
- Then the true incidence rate in the control group §, ; 0.4
would vary between 0.003 to 0.006 with ~ 90% * 03
confidence 0.2-
- We can then check the range of P(r > 1.2|Y = y,E) as “
8, would vary between 0.003 to 0.006 with mean of - | | | |
00045 5 B 7 8 9

Y (Total events at E = 800 patient-years)
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Prospective Planning using Contour Plots

= A planning tool - to prospectively plan to implement

Contour Chart for Bayesian Monitoring of Blinded AEs
P[r = 1.2| y,E.k=1, bg.rate=0.0045]

- The contour plot can be generated beforehand so that the
team can use this as a quick planning tool e

- For a giveny = events and E = exposure (in pyr), we
obtain a contour lines of posterior probability that the i
relative risk r exceeds a tolerance limit c. 10

- Allows to search through various event and exposure
combinations

Total no of AEs (y)
=]
]

- To see when we’ll make an initial, yet objective, .
assessment of detecting a signal from blinded safety data -

= Can help assess signal without running any analyses

. . . T
- Observed event and patient-year (Y, E) can be identified . 250 00 - 1000 1250 1500 0 2000
on the contour plot to see the posterior probability of r > ¢ Total risk exposure in patient-years (E)
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Prospective Planning using Contour Plots

Contour Chart for Bayesian Monitoring of Blinded AEs
P[r = 1.2| y,E.k=1, bg.rate=0.0045]

= Contour plot may be further useful to find any trend in the
relative risk over time 1

- For example, total events of y = 2,4,5,6,10,12 at patient-
years 300, 570, 650, 800,1200,1500, respectively, plotted 1

on the contour plot shows an increasing trend of safety 107
signal over time

Total no of AEs (y)
=]
]

0 250 500 7al 1000 1250 1500 1750 2000
Total risk exposure in patient-years (E)
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Concluding Remarks

= The proposed approach explicitly models and puts a prior on the signal parameter
(relative risk) and thus enables direct inference on signal detection

= Our modeling approach is particularly advantageous as it allows prospective planning and
easy implementation of a two-step process

= Some other recent works on blinded monitoring of safety data include Wen et al (2015),
Schnell and Ball (2016), Gould and Wang (2017), Ball et al (2020)
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Part Il Implementation

Using R-packag

Prior and posterior densities of r

= 20, pyr = 2000 and fixed bg.rate = 0.005)
ty=20py ba | Sensitivity analyses to account for

in the true

rate

09 10
084 09
o 08 &
o7
=) Cr
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® ne
059 »ur Chart for Bayesian Monitoring of Blinded AEs
P[> 1.2] y.E k=1, bq.rate=0.0045]
4
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Y (Total events at E = 800 patient-
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Safety Signal Exploration using BDRIBS

Prior assumptions:
® Detao s fed

O Dettao ~ Gamma

Randomization Ratio (Active/Control)

Prior a for P: Prior f for P:

0s 05

Prior Prob Event on Active.

oersty

Prapanity
Historical rate to compare In events per 100 PYs

045

2s? Click here

This application as developed at AbbVie as a 0ol o facitate the use of the BDRIBS (Bayesian
Detection of Potential Risk Using Inference on Blinded Safety Data) metnodoiogy. ADViE fs NOT
for the accuracy o refiabilty of any resuls or decisions made from using tis

nstructions | Posterior Bayesian Infere

Tnis Shiny application uses the

sian Detec

s Instructiona tab there are three ag
investigate the probabily that the relative risk
or planning purposes to investigate how mar

der for a numbel

(1) Assume tnat geta

nistorical rate

(2) Assume that delta0 follows 2 gamma prior,

The Sensitvity Plo

b s active in approach (2

Users may choose the method that best sults
prior assumptions.

“The BDRIBS package allows users to mody th
assign appropriate parameters for his aistrbuti

The BDRISS package reference manual can be

Reference: Mukhopadnyay S.

Waterhouse 8., Harford A Bayesian Detection of Potential Risk using Inference on Binded Safety Data Pharm Stat 2018 Nov; 17(6)823-634 o

e and R-shiny dynamic visualization

Pr(RR > 1| # events abserved and PYE) for Bayesian Monitoring of Blinded Events using BDRIBS
Assumed event rate of control 3.1 events per 100 Fy's.

Randomization ratio: 1. Prior on P. Beta(0.

Posterior Density of RR

Assumed event rate of control: 3.1 events per 100 Fy's.
Randomization ratio: 1. Prior on P: Beta(0.5,0.5).
Observed & events in 110 patient years of exposure.

o
=
£
5
-
B
=
z
1
k-]
5
@
E
£
=
o
=
a
14
©
¥
[

2025 2475

Patient-years Exposure (FYE)

0 z 3 4 5 & 7
Relative Risk

Mean (30% ) of RR: 2.01 (0.15, 4.53)
Prob(RR » 1) =0.7422
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Part II: Implementation

= Bayes computations using BDRIBS R-Package
= Computing posterior inference
= QObtaining posterior densities, contour plots, sensitivity plots

= Two-Step Detection Process using BDRIBS R-Shiny application
= Stepl: monitoring and screening for safety signal
= Step2: verifying signal strength with sensitivity analyses

=  Summary, Discussion and Feedback
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R-package — BDRIBS

F

BDRIBS R-package available from CRAN
Implements relevant Bayesian
computations

B R: bdribs (Bayesian Detection of Risk using Inference on Blinded... o |[= ] =
bdribs {BDRIBS} R Documentation

bdribs (Bayesian Detection of Risk using Inference on Blinded Safety data)

Description

m

A Bayesian DRIBS (Detection of Risk using Inference on Blinded Safety data)

Usage

bdribks (v, pyr, bg.events, bg.pyvr, bg.rate = NULL, k = 1, p.params = list(a
=1, b = 1), dl.params = list({a = WULL, b = NULL), mc.params = list(burn =
1000, itcer = 10000, mc = 2), inf.type = 1, plots = T, prnt = T)

Arguments

¥

observed pooled events (combined active and control group) e.g., v = 20

nyr
total payr exposure (combined active and control group) e.g., pyr = 2000

bg.events . )
background (historical) events for the control group e.g., bg.events = 5

bg.pyr o
background (historical) pyr exposure for the control group e.g., bg.pyr = 1000
bg.rate
when specified used as the true background rate for the control group and ignores bg.events and bg.pyr, default: bg.rate=NULL
k
allocation ratio of treatment vs. control group, default: k=1
. params

paramaters of beta prior of p (used only when inftype = 1 or = 2); default: p_param= list{a=1,b=1). See details below.

dl.params
paramaters of gamma prior of del1 (used only when inftype = 3); default: d1.param= list{a=1,b=1). See details below.

mc.params
containg detials of MCMC parameters, default: mc_params=list{burn=1000, iter=10000, nc=2)
4 1 3

Data & Statistical
Sciences

abbvie Ef
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R-package — BDRIBS: computing posterior inference

= To fit 20 events with pyr=2000 and p~U(0,1) with k = 1

» library (bdribs)

> bd <-bdribs(y=20,pyr=2000, bg.events = 5, bg.pyr = 1000, k=1)

Printing posterior inference of relative risk (r):
prior is on p ~ beta(a=l, b=l)
v = 20, pyr = 2000, k =1, bg.rate = 0.005, inf.type =1

mean 5% 95% P[r>1] P[r>1.5] P[r=2] BF[r>1] BF[r>1.5] BF[r>2]
2.808 1.49 4,378 0.994 0.949 0.818 154.04 27.94 B. 96

- Function ran with default options and produced a default table and
plotted estimated posterior density of r.

- We can do more customized inference using output stored in bd
E.g. P[r>1.25] is given by

= mean(bd$r>1.25)
[1] 0.98045

Data & Statistical
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R-package — BDRIBS: contour and sensitivity plots

Contour Chart for Bayesian Monitoring of Blinded AEs
P[r = 1.2 y,E,k=1, bg.rate=0.0045]

= Contour and sensitivity plots may be generated e

desired specifications

> bdribs. contour (ymax=20,pyrmax=2000,eincr=250,tol=1.2,k=1, bg.rate=0.0045) 5 12
... 5% done g ]
11% done s "]
16% done £
21% done e
26% done 5]
32% done =

T Al B

T
0 250 500 750 1000 1250 1500 1750 2000
Total risk exposure in patient-years (E)

Sensitivity analyses to account for uncertainties in the true background rate

0.9+ L
> bdribs.sensitivity(y=5:9,pyr=800,k=1, tol=1.2, bg.evnt=18, bg.pyr=4000,bg.ci.coef=0.90) 0.8- o

0.7

500 )

0.6+

0.8 &

12 |Y, E

0.4+

Pir=

0.3+

0.2+

0.1

0.0+

Y (Total events at E = 800 patient-years)
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Where BDRIBS fits in the Overall Process of Blinded Safety Signhal Detection

Step Action Contributor(s)
1 Identification of Anticipated Events and safety topics of interest ~ Safety
(STI)
2 Determination of background reference event rates Epidemiology
- 3 Choose appropriate quantitative method and define probability  Statistics, Safety, Epidemiology
thresholds
4 Periodic safety data assembly including patient numbers enrolled Clinical Study Team
and patient years of exposure to study drug
& Identification of event(s) with rates exceeding the pre-designated Programming, Statistics )
probability threshold
6 Assessment of totality of evidence for an association of the event Statistics, Safety, Clinical,
\_ with product administration Epidemiology )
7 Decision to escalate to safety assessment committee for Safety Management Team

unblinded review or continue to monitor

Multidisciplinary nature of safety signal detection
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BDRIBS R-Shiny App

= To support the use of BDRIBS in planning and to facilitate “live” team discussions an R-

Shiny App has been developed
= This App is available at:

Safety Signal Exploration using BDRIBS

Prior assumptions:
@ Deltal is fixed

O Deltad ~ Gamma

Randomization Ratio (Active/Control)

2
Prior a for P: Prior B for P:
0.5 0.5

Prior Prob Event on Active

Prc‘b.:-i‘bil'rry
Historical rate to compare in events per 100 PYs

Density

0.45

gestions? Click here

This application was developed at AbbVie as a tool to facilitate the use of the BDRIBS (Bayesian
Detection of Potential Risk Using Inference on Blinded Safety Data) methodology. AbbVie is NOT
RESPONSIBLE for the accuracy or reliability of any results or decisions made from using this
application.

obbvie

Instructions Posterior Bayesian Inference Plot Contour Plot Probability Plot Sensitivity Plot

This Shiny application uses the Bayesian Detection of Risk using Inference on Blinded Safety data (BDRIBS) package.

Besides this instructional tab there are three additional operational tabs and a tab for exploring sensitivity of the posterior probability. The 'Posterior Bayesian Inference Plot' tab allows users to
investigate the probability that the relative risk is greater than some critical value given assumptions of historical rate and observed events in an ongoing clinical trial. The 'Contour Plot' tab can be used
for planning purposes to investigate how many events and how many patient years exposure (PYE) are required to be able to make inferences. The 'Probability Plot' tab allows investigation of additional
PYE needed to observe in order for a number of events to fall below a probability threshold. For these operational tabs two approaches are available for investigation:

(1) Assume that delta0, the historical rate of the event of interest, is fixed.
(2) Assume that delta0 follows a gamma prior, where the number of events and patient years exposure for the historical control are available to form the prior.
The Sensitivity Plot tab is active in approach (2) and uses limits of the credible interval on the estimated background rate to provide a range on the estimated posterior probability.

Users may choose the method that best suits their situation by clicking on the radial button on the side panel. The other inputs available on the side panel are relevant o the design characteristics and
prior assumptions.

The BDRIBS package allows users to modify the prior of P, the probability that an event occurs on active treatment (as opposed to control). The prior distribution is assumed to be beta, and users can
assign appropriate parameters for this distribution or leave it to the default values which provide a non-informative prior on P,

The BDRIBS package reference manual can be found at https://cran r-project.org/web/packages/bdribs/bdribs pdf

Reference: Mukhopadhyay S., Waterhouse B., Hartford A. Bayesian Detection of Potential Risk using Inference on Blinded Safety Data. Pharm Stat. 2018 Nov; 17(6):623-834.
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https://abbviescience.shinyapps.io/BDRIBS/

Hypothetical example

" Indication: Type 2 diabetes

* Double blind, parallel group trial

* Randomization ratio 1:1, active drug or placebo
" Length of treatment: 26 weeks

= N =900 (450 subjects per arm)

= Cardiovascular safety is also of interest and the team has decided to initiate ongoing blinded safety
assessment for MACE.

= The CANVAS trial placebo rate of 3.1 events per 100 PYs for MACE* is assumed for this patient population.

" To date there has been no indication of increased CV risk with the drug being studied, so a relative risk of 1
is of interest and a non-informative prior on P centered on 0.5 is assumed.

" The team decides that if the probability that relative risk exceeds 1 is greater than 80%, further investigation
is warranted.

* Neal B, Perkovic V, Mahaffey K W, de Zeeuw D, Fulcher G, Erondu N, Shaw W, Law G, Desai M, Matthews D R. Canagliflozin and
Cardiovascular and Renal Events in Type 2 Diabetes. N Engl J Med 2017; 377:644-657
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Contour Plot

Contour Chart of P[RR = 1| y.E] for Bayesian Monitoring of Blinded Events using BDREIBS

Assumed event rate of control: 3.1 events per 100 P¥'s.
Randomization ratio: 1. Prior on P: Beta(0.5,0.5).
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After the trial starts...

Contour Chart of P[RR = 1| y,E] for Bayesian Monitoring of Blinded Events using BDRIBES

Assumed event rate of control: 3.1 events per 100 Py's.
Handomization ratio: 1. Prior on P: Beta(0.5,0.5).

= Probability
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Patient-years Exposure (E)

5 events observed after 60 PYs exposure — decide to get the team together to discuss
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Probability plots help teams create follow-up rules

PriRR = 1| # events observed and PYE) for Bayesian Monitoring of Blinded Events using BDRIBS

Assumed event rate of control: 3.1 events per 100 Pr's.
Randomization ratio: 1. Prior on P: Beta(0.5,0.5).

Mumber of Events
T

i

]

PRR = 1| # everts observed and PYE)

T
£2.5 45.0 o .6 200 1125 1350 1575 1800 2025 Z250 MTE ZT0 XS 3150 I13ATSE 6800 IBZS 4050 4275 4ED0

Patient-wvears Exposure (FYE)

Team decides to wait to see if the next event occurs within the next 30 PYS of exposure
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The sixth event occurs after an additional 50 PYs

Fosterior Density of RER

Assumed event rate of control: 3.1 events per 100 P¥'s.
Randomization ratio: 1. Prior on P: Beta(0.5,0.5).
Observed & events in 110 patient vears of exposure.

[ ]
[ ]

Density

(TR

- - o i . T E
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- . - ] : _
Relative Rizk

Mean (90% Clj of RR: 2.01 (0.15, 4.53)
Prob(RR = 1) =0.7422
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Halfway through the trial 11 events have occurred

Posterior Density of RR Posterior Density of RR
Assumed event rate of control: 3.1 events per 100 PY's. Prior for event rate of control used: Gammala=496, b=15730)
Randomization ratie: 1. Prior on P; Beta(0.5,0.5).

Randomization ratio: 1. Prior on P: Beta(0.5,0.5).
CObserved 11 events in 220 patient years of exposure. Observed 11 events in 220 patient years of exposure.

Density
Density

i ; 3 4 5 ; : B g ; i > 3 1
Relative Risk Relative Risk
Mean (90% Cl) of RR: 1.91 (0.5, 3.63)

Mean (90% Cl) of RR: 1.98 (0.59, 3.67)
Prob(RR » 1) =0.856 Prob(RR » 1) =0.831

The BDRIBS method looks first at the fixed historical event model and then incorporates the uncertainty of the

Historical Event Rate

historical event rate via a gamma prior.
The CANVAS trial event rate of 3.1 E/100 PYs came from 496 events over 15730 PYs. %‘;::J ”\ \

E.=

Incidence Rate per 100 FY's
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Investigating the certainty of the probability statement

Historical Event Rate

20D ”
:Q PriRR > 1| # events observed and 220 PYE) + 90% CI for Bayesian Monitoring of Blinded Events using BDRIBS
Ui L J

Density

- s - Prior for event rate of control used: Gammaia=496, b=15730)
Incidence Rate per 100 Fy's Randomization ratic: 1. Pricr on P; Beta(0.5,0.5).

104

PriRR > 1| # events cbserved and PYE)

T - T - T - T - T
10 11 12 13 14
Number of Events

Considering the 90% CI of the historical event rate, the lower bound of the Pr(RR>1|11 events over 220
PYs) is around the 80% threshold (above 75%). The team decides to refer the event for unblinding.
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Summary and Discussion

BDRIBS (Bayesian Detection of potential Risk using Inference on Blinded Safety data) is a unified
Bayesian framework to monitor and detect risk of safety signal from blinded data

- Explicitly models the signal parameter and thus enables direct inference on signal detection
- Leverages historical data of the background rates of events of interest
- Allows easy exploration of the sensitivity of the signal under various assumptions
= Allows prospective planning of the entire implementation and operational procedures
= Provides an objective two-step assessment of new information to detect safety signal
= Easy implementation and operationalization through R-package and dynamic visualization
- An R package BDRIBS is available on CRAN
- A BDRIBS R-Shiny application is publicly available from AbbVie Server
= Easily accommodates monitoring combined blinded data from multiple studies

- The model may be also extended to hybrid settings and/or adjusting for risk factors
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