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Dra.ft Guidance for Industry and r'ood and Dnag A:dmina.strat,ion ~Staff; GuidancefQr 1-be 
Use of Brr.yesia.n Ytatistics in Medical Device Clinical Trials 

Dear Sir/Madam : 

Sa.naf-Syr.t,tlaeZabo Inc. and. Aven .t:is Plaarn.accutical.s, members of 1fiE san.o!"~-aven,txs 
Group, appreciate tlac oppnniz.ity 1:o comment an.1]ze a.iyove-referenced ' gui.d.ame, "Use of 
Bayesian Statistics in . Medical Device Clinical Trials; Availability." 

This document provides guidance on. statistical . aspects of the design. and. analysis of 
clinical trials for medical devices that use J3ayesian. statistical m.0bods, 

The purpose of this gui.d.ance is 'Ca discuss important statistical issues in. 13ayesi.a.n. clinical, 
trials for m.edi.ca.l, devices and. not to describe, the content of a medical, device submission . 
ru,nkli.er., while this d.ocum.cn.t provides p.y.d:a.nce on. many of lhe statistical issues tfiat arise 

in F3a,yesi.a.». clinical 1xials, it is not intended to be all-inclusive . The statistical literature is 
rich wi.laa. books and: papers on ?3ayesi.a.n, theory and. m.etli.ods; a selected. bibliogranli.y has 
been. included for further discussion. of specific topics . 

This is tb.e first FDA guidance dedicated, to the Bayesian, apprQa,cl1 to th.e design. and, 
analysis 4f clinical trials . Although. written for devices and. not drugs, i:1: has potential 
implications in . terms of relevance for. dna.g development, representing a, breakthrough in 
terms of statistical, m.etli;ods, and. opens t3ie way 1.0 far1-Iez research and, progress. 

gr,,,NERAj.,- COMMENTS 

A, clanficalion is needed on the use of "endpoints" and "parameters," as they ore 
u.sed, i.nter.cb.an.geabl .y in. the d;ocu.m.en.t. 

. A section on: how to perform. m.uJ.ti.plxci.ty adjv.sl;m.en.1 : on, multiple endpoints or 
m:u.lxi.ple treatment comparisons could. be added, In par'I:icu:lar., it should. be 
addressed Whether die adjustment should, be bued. on tbe individual postenor 
dy.stri.bu.i:i,ons of individual . parameters of. individual variables or the joint posterior 
distri.buti.on. of all the lpiuwamoters of all. variables. 
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Tt would. be helpful to address whether the Bayesian approach can. be used. for 
certain. endpoints and the k'requenti.s1; approach be used for other endpoints . For 
example, a Bayesian approach. could, be used for the primary efficacy endpoints 
and the Fr.equen,tist approach used for second.a.ry efficacy endpoints and safety 
endpoints . ~'J1h.erwi:se, if the 13ayesi;an. appr.oa;cl.i . has to be used for a.11 endpoints, 
1;)a,e computations wou].d be too complicated. 

The general guideline for Fr.eq,uenti.5t a.pproac1l is to include all stratification 
factors in the analysis model, for example, center effects when, randomization, is 
con.du~cl:ed within centers. For Bayesian. analysis, prior distribution for Center. 
effects may not be easy to specify and computation will increase substantially 
wi.tla, tbese center effects in. The model, Is it acceptable not to include sorne 
stratification factors in. the analysis mod.el and is tlzere a general guidance thal : 
addresses this? 

SPECTFTC COMM 

introduction: Pa, ~e 4 

"Tlv.s document provides gua:donce o», Staxi.sfiGal, aspects of the design and. analysis of 
clinical trials for. medical devices that use Bayesia.n, statistical . znetliods. 

The purpose of this guidance is to discuss important statistical issues in Bayesi.an clinical 
trials for medical. devices and not to describe the content of a, rnedical device submission,. 
Further, While this document provides guidance on many of-. the statistical issues that arise 
in 13a,ycsi.an. clinical trials, it is not intended to be all-inclusive, Tb,e statistical. literature is 
rich, with books and, papers on. J3a.yesi,en, theory and mel:h.od.s ; a selected bibliography has 
been. included for, further discussion, of specific tonics . 

FDA's guidance documents, including this guidance, do not establish legally enforceable 
responsibilities, Instead, gv:idmn.ces describe the Agency's current rJa:XnJci,ng on. a topic and 
should be viewed. only as recommendations, unless Specific TegulatoTy or statutory 
requirements are cited. The use of the word. should in, Agency gu:idances means that 
som.etfiin.g is suggested : Or recommended., but not required.- 

Comment: The first sentence "This document provides . . . l;h.at use Bayesian. statistical 
methods" is very clear and accurate. Wli.y then. use (twice, and. in. fh.e fide of §5) 9;li,e 
ambiguous expression. "i3ayesi,a.n. clinical trial" in. the second, rar.agzapla. : this erroneously 
suggests t.iia,t the clinical. aspects are also specific when: tb.e Bayesian approa.cb. for 
statistics is selected. in a clinical trial? Section 5, §53 to §5A of t.be draft document 
appropriately develops t1i.E ides, tliat the non!-statistical aspects of clinical. trial protocols 
are similar, irrespective of whether tkae clesXgn arid analysis of the trial is Frequentist or 
T3e.yesi.a.n. 
In. conclusion,, it seern.s preferable that. the expression, "$ayesian. clinical. trial.", or even 
"Ba.yesi.a,n. trial." (Which appears i~.o be shorthand, for 1b.e former, in §3 .4 or §3.9) not be 
used.. 
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Page 5 Section. 3.1 What is Ba-yesian statistics? 

"l3ayesi.an. statistics i.5 a .Sta.tiSl;iGg1. 1:beory and approach to data analysis that provides a, 
coherent method for lea,r.ni.ng from evidence as it accumulates. Traditional (Freqyenfist) 
statistical methods formally ti-se prior information. only in the design, of a clinical trial. In 
the data analysis stage, prior information is considered only informally, as a complement 
to, but not part of tlie, analysis. Tn contrast, the I3ayes%an. approach uses a, consistent, 
matl,a,em,ai:i,cal.ly formal method called Bayes' Theorem for combining prior information. 
wi.tb, current information on a quantity of. interest . This is done throughout baiJi,l:h.e design. 
and analysis stages of a.1:ri.al, ."' 

Commentq: Tly:e one feature of Bayesi.an. statistics, which the draft guidance selected in 113i.s 
paragraph in view of roughly and, quickly characterizing this approacb., is the most familiar to 
any statistician, as it stems -fr.om 13ayes' theorem, but is not the rr.m.osx fundamental.. 

In. addition, Frequen.ti:sx ideas like conditional power are also aimed at `°I.eariaxr,zg from 
experience as it accumulates"; the empirical. cumulative distribution function is another 
stra.igJatfor.wud example of pooling a1:1 the available experience in the analysis . 

Conversely, l3ayeszaii, non-xn.£omafive approaches tend to underweiglif prior experience, and, 
in. the limit to ignore it . 

Th,e notions developed later in §4.1. (and al soin, the last paragraph of §4.R) are certainly more 
fundamental and. comprehensive in, characterizing Ba.yesi:en: statistics-in. contrast to the 
Freqyen.ti:st approach. T'ilzllier.m:or.e, l3a,yesian notions in. §4:1 are necessary 1:0 §3 .2 and. §3 .9 . 
In conclusion. §3 .1. should integrate the content of §4 . I and, §4.R . 

Page 5 Sceti,on 3.2: Why use I3a.vesia.n, stalistics for medical devices? 

"'ti7aJi:en . good prior information on. clinical use of a, device exists, the Ba,yesian. approach 
may enable FDA to reach. the same decision on ' a: device with asrn,a:il.er,-sized. or, shorter 
d:urati.on pivotal vial . 

The J3a.ycsi.an. approach may also be useful in. the absence of i.nform:ai:i.ve pr.i.or 
information . First, the approach can. provide flexible methods for handling interim. 
analyses and other modifications to trials in mi.d.cou.rse (e.g ., changes to the sample size 
or, cb.an.ges'i,n 1:h.e r.a,n.d.omizati.on. scb.em.e) . Second, the Bayesian approach can be useful in 
Complex Modeling situations Where a. frequen.r.ist analysis is difflicult to implement or 
does not exist . 

Good prior information is often aVa.i.l,a,b):e for a medical, device; for. example, from . earlier 
studies on, previous generations of the device or from: studies overseas . These studies can. 
of.tcn: be used: as prior information because the mechanism . of action. of. m.ed.i.ca.l. devices is 
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typically physical, making the effects local. and. not systemic . Local. effects are often, 
predictable from. prior i.nfozn-iatxon, wla,en modifications to a, device are minor. 
?3a,ycsian. methods way be controversial when. the prior information: is be.sed . mai,n.1y on. 
personal, opinion (often. derived. by elicitation. metb,ods) . The methods are often not 
controversial when, the prior information is based on. empirical evidence such as prior 
clinical trials. Since sample: sizes are typically small for. device trials, good prior 
i.n.f.ormoti.on. coin, have greater impact on, the analysis of the tri.a.1. and tlius on the FDA 
decision, process. 

The FDA Modernization. Act of 1947 m.u.d:ates ftt FDA shall consider the least 
burdznsome means of demonstrating effectiveness or substantial equivalence of a device 
(Section. SJ.3(a)(3)(D)(i,i) and. Section SL3(i)(1)(D)) . The Baycsi.an. approach, wb.en. 
correctly employed, may be less burdensome 1:la.an a, i'r.equeai:ist approach," 

.Cnmment,s: 
2n.d. par.a.gra.pli : "absence of informative 'prior information." is redundant; "inf.ormative" 
sb.oul:d. be removed 

4th paragraph: although the guidance understand ably supports cla.ta-based. pri:or li,yrier-
Par.aan.eters, and. dispels subjective prior hyper-parameters (again in. §5:$), "skeptical," and. 
"en.i:b.u.si.ssXi:c"' prior byper-parameters may be useful to assess tli,e robustness of the 
conclusions, and this interesting use of priori could 17e cn,eni:i,oned . b.ere. 

Page 8 Section 3.9 ; what are the noteni:ia!-dif:ficuYfiies in the Havesion approach? 

"Planning the design, conduct, and. analysis of any trial are always important !'rr~m a: 
regulatory perspective, but they are crucial, for the $a.yesi.an, a~roa.cli .- This is because 
decisions are based on: 

. " prior information. 

- i:nfon.n.a,tion.-obtaa.n.ed from . the tnal, and 
" the mathem.aia.cal. model. used, to combine the two. 

Different choices of prior information or different choices of model can produce different 
decisions . As a, result, in the regulatory setl:ing, the design of a Bayesia~n. clinical, trial, 
involves pre-specification of. (and agreement on) bath th.z prior information and, the 
model. . Tb.i.s includes clinical agreement on . tb .e appropriateness of 1ke prior infunnation. 
end staOsti.ca .); agreement on, the r».atl.a.ema.tical, model to be used.. Since reaching this 
agreement is often. an, iterative process, we r,ecom.m,eo.d you zn.eet with FDA early on to 
discuss and agree upon, yhe 1~asi.c aspects of'. the trial design . 

A change in, the nr.i.or. information or. the model a1: a later stage of the trial may im.peri.1. the 
scientific validity of tli.e trial results. F or this reason, formal agreement meetings may be 
a.npropria .l;e w1:~ .en . using a T3ayesion. op proacla." 

4 
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Specifically, tli.e i.d.eati,f.cata.on. of the pr,i.or, infor.m.a.tion. may be an. appropriate topic of an 
agreement meeting, 

Extensive model building 
The Ba,yesian . a.ppr.o~.ch often involves extensive matl~ematic~,1 m:od.el:i.ng of a, clinical f;ri.a7 ., 
including: 

" the probability distnbutions chosen to reflect the prior information, 
" the influence of cova,ria,tes on patient outcomes or missing data. 
" the r.cla.t:i:onsiyips between, various sources of. prior information. used 3.n. tb,e model. 

We recommend you. determine modeling choices,thr.ougla close collaboration and. agreement with, 
FDA's and. yourstatistical and clinical experts, 

:Specific statistical and computational expertise 
The Bayesy.an, approach oft-en involves specific statistical expertise. Computer-intensive 
calculations are often, used, to : 

" analyze trial data ' 
" check model assumptiotis 
" assess prior probabilities at the design stage 
" perform, simulations to assess probabilities of various outcomes 
. estimate sampla size . 

The technical and sta.ti.st,i.ca:l. casts for tl.a,e,abovc are often : offset by tiie savings of a, shorter tri.al or 
a more flexible analysis . 

Choices regarding prior information 

.An. FDA advisory panel may question prior information you and, FDA agreed upon beforehand. 
We recommend you. be prepared, to clinically and slati.s'ki.cally justify choices of prior 
in.form.a,ti.an.. in,som,e cases, we recommend you perform. sensitivity analyses to check robustness 
of models a»d. pr.i .ors. 

Device labeling 
Results from a Bayesi.an. trial may be expressed differently from. The way trial results are usually 
described, in. device labels . We recommend you ensure tn'al results reported on the device label 
axe easy to understand . 

Checking calculation. 

The flexibility of l3ayesi.an: models and. the complexity of the computati.onal . techniques for 
F3ayesi.an. analyses create greater possibility for. errors and =[sunderstandings . FDA, therefore, 
will carry out a: detailed, statistical review of a. Ba,yesian submission. 

s 
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Since the software used. in Bayesian analysis is relatively new, FDA will often verify results 
using alternate software, FDA recorn.mends you submit your data. and any ~r.ogt~.z,s used fox J3a.yesian statistical analyses electronically . 

Hayesian. and traditional analyses approaches may differ 

Two investigators, each with . the same data and a different nxeplan.n.cd. analysis (one fr.equen,ti.st ata:d. one T3a.yesi.an), could. conceivably reach different conclusions that are both. sci:entxfi:calXy 
valid. VAy.te t)ie Bayesian approach is often. favorable to the investigator with good. prior. 
information., th.e a,pnroacb. can be more conservative than a, a F'~reqvenfl st approach." 

Comment: I'ia».ni»,g I.-be design and analysis accurately appears as a, condition for the 
scientific validity of the conclusions. However, l3ayesi.an. methods resort more strongly to 
(especially di.sltr.i.btii:i.on,a1.) modeling tlia.n fr.equ :enti,st methods, and frr;q;uen,ti.sfi methods are 
often, based on asymptotic properties. There is nothing specific to T3a.yesi.an. m.efli.od.s here . 
In particular,, discrepant conclusions between. two freqU:en.tist methods (models) may be as 
likely as between. f.Tequen:i:ist and T3a:yesi.an . approaches, 

Reference is made 1:o the I3ayesi.an, approach being sometimes more conservative than. Vie 
ftequen.tisx approach, with a, general cil:ati.on: of Section. S . Tills commen.x should be 
expanded to be more understandable, including clarifying in What sense "conservative" Is 
used. 

Page 1.0 SecFion. 4.1: Ravcgian Statistics. Introduction 

"The fun.d,am.en.1a,1. idea, in. Bayesi.an. statistics is tb:at one's uncertainty about an. u»loa.own. quant%1y of. irn:er.est is represented by probabilities for possible values of that quantity, For instance, 
un,kn.om quantities of interest in. device trials might be :- 

" Clinical sarei.7 and effectiveness endpoints 
- a patient's outcome to be observed in. r.li,e future 
" a missing observation on a patient. 

Prior distribution and n:on-inf.orma.l;ive prior distribution 

Before a trial begins and data. ere obtained, The investigator assigns prior probabilities to the 
possible values of. the unknown. quantity, known. as the prior distribution. In, principle, the prior 
can, be based on. the investigator's personal. lcnowl.edgE of the quantities of interest or. on anolh.er 
expert's opinion. eXc. If absolutely nothing is known, about i:l.~.ax quantity, som:ethin .g called a non-
informative prior distribution may be specified, In. tza.al.s undergoing r.egu.l.ar,o ,ry review, however, Vie prior d.i.stributi.on. is usually based on. data from relevant previous trials . 

6 
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B2yes' theorem and posterior probabilities 

After data are gathered, and, information becomes available, dw prior probabililies are 
mathematically updated according to a statistical result called X3a:yes' flaeorern. The updated 
probabilities, known as posterior probabilities, are probabilities for values of the unknown. 
quantity after data are observed, This approach is a, scientifically vali.d. way of combining 
previous Information (the prior pxuhabil,iti.es) with. current data . T.b.e q;pproacla. adjusts to chan.ging 
levels of evidence : today's posterior probabilities become tomorrow's prior probabilities, 

The Bayesion. paradigm 

The T3a.yesi.an paradigm slates that probability is the only- measure of one's uncertainty about an 
unknown, q»anti .ty. In. a,13ayesi.an: clinical trial., -uncertainty about an. endpoint (also called, 
parameter) is quantified according to probabilities, whic1.i are updated as WformaXi.on. is gadi,e.r.ed 
fTom . the trial. 

Decision rules 

71e pre-m.aTket evaluation of medical devices aims 1:v demonstrate the safety and. effectiveness 
of a new device . Tbis demonstration, is most commonly achieved through statistical hypothesis 
testing. For Sayesi.an trials, hypotheses are tested with decision, rules. One common type of 
decision rule considers that. a hypothesis has been. d.cmon.stratcd (beyond. a reasonable doubt) if 
its posterior probability is' large enough, (e .g ., 95 or 99 percent) . 

The Be.yesian, approach encompasses a number of key concepts, some of which ere not part of 
the traditional statistical approach. Below, we briefly discuss these concepts and contrast the 
I3a:yesian, and frequentist approaches ." 

Comment: As a rule, in, a Bayesian. framework, the "unknown quantities (of interest)" are 
called "parameters (of i.n.ter.est)" (of the sta.tisfical, and analytical parts of some modtl) . Why 
not define and. use 1]ae term, "parameter" tbroughout, consistent . %411.1. usual practice, and to 
clearly distinguish, model parameters from, observed data? 

Page 12 Section 4.2: What im a hrior distribution? 

"Suppose xb.at x is an. endpoint (parameter) of interest in, a: c.1irti.caJ . tTial. The initial uncertainty 
about x should. be described by a; probability distribution . for x,, called the pri.4r d.i:st.r,i.bu.tion, and, 
denoted by P (x). 

As an . example, suppose x is iJxe rate of a serious adverse event. Its possible value-.; will lie 
betweon. 4 and 1. . One prior distr.ibut:i.on. is the uniform, distribution indicating no preference for 
any value of x. So flit probability 1:liat x lies between. 0.1 and 0.2 is the some a~.. s ihe probability 
.that x lies between. 0.4 and 0.5, or between. 0.65 and~ 0.75, or in. any interval-of len.gtla 0.1. : 
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Alternatively, the prior distribution . might give preference to lower values of x. For example, the 
probability that x lies between 0.2 and 0.3 can be larger. than the probability that x lies bel.ween 
0.7 and 0 .8 ." 

Co,en1; : Bayesian literature generally uses Greek characters to designate a psrern.eter, and. 
Latin characters (especially °`x") for the data, The notations here and later should comply 

with 

this traditional. use . 

Page 13 Section 4.7, : what is the 111mlihood principle? 

The l.i3ce}.iliood principle is important in. all of statistics, but it: is especially central to lie Bayesi.an. 
approach. The principle states that a1:1: infomnati.on about the endpoint of interest, x, obtained 
from, a clinical trial, is contained in. 1hc likelihood, f.Zt.n.cia.on. In the ]3aycsian approach, the prior 
distribution for ;x is updated using the information, provided by the trial through the likel.i,b.ood 
function, and nothing else . Bayesian analysts base all inferences about x solely on the posterior 
distribution produced. in this manner. 

Comment: 1-Lc likelihood principle is almost u.rii.ver,salty accepted among 13a.yesian . 
statisticians, and its application is especially useful, whereas ftequentist statisticians need 
to "adjust" p-values and. central estimates, especially in) sequential design and, analyses, 
This stands clearly as one of. the most critical differences between. Bayesian and 
frequcn.tisl: statisticians in chnical. research. 

Paize 14 Section, 4.$; how do the I3ayesLq n_a.n_d.fceyuenfiist approaches diffcr 

"As outlined above, l3ayesi.an, analysts base all in;fer,en,ces on 1he posterior distribution, wbi,ch (in, 
adherence to the l:il.cel.i.hood'pr.i.n.cipl.e) is die product. only of the prior and the lil,.eliliood function . 
Al1:houg1i the f.requen.tisl: approach. makes extensive use of the likelihood function, it does not 
always strictly adhere to tla,e likelihood principle, For example, the inxer.preta,ti.on. of a, f7eqtiy.enti,st 
n-value is based on : outcomes that might have occurred but were not actually observed in. the 
txi.aJ:; xbo.t is, on something external , to the likelihood. 

Another way of.- Saying ti.xis is that Bayesian inferences are based. on. iaae °`pa :r.amexer space" (the 
posterior distribution), while F.r.eqixeo;tisl.inferences are based on the °`s.wrt.pl:e space" (the Sol: of 
possible outcomes of a. trial) ." 

Comment: The foun.d.ational. difference between. l3a,yesi.an, and. frequenti5t metb.ods is never. 
clearly expressed. Fr.eqia.en.ti.st methods view the unknown parameters of. interest as fixed. 
constants of nature, Whereas F3ayesi:on methods view tlie unknown. parameters as random, 
objects for which probability statements can, be made 

9 



HU b.Gl'GUUn lU :3L yUC LSl 4U4U ~+K,yt"1J VYJ l+!(L h l,J~ $11nU Y .UlU 

Sanofi-avent:is commcnts 
DqckEt ZOOGD-0191 

Nag 21 Section 5.?» determfrtingtltc samele size 

"The sample size in. a cla.nic31 tnal depends on: 
" pri.or. infornaa:ti.on. 
- ma,ih.ematicat: model. used in analysis 
- distributions of parameters in the analytic model 
- specific decision criteria 

, " vanability of the sample. 

If the population of patients is bi:glil.y variable, tb.e sample size increases. If there is no variability 
(i.e ., everyone in tJze popu).atiori has the same value fox the measurement of interest), a. single 
observation . is sufficient, The purpose of sizing a trial, is to gatb.er en.oug1i. inform a.ti,on, to make a 
decision. while not wasting resources or putting patients at unmecessay-y risk . 

In i'rad.%1~:i,onaJ. fxequen.l ;ist; clinical, trial design, the sample size is determined in. advance. Instead of 
specifying apatticul:ar, sample size. the T3ayeslaan approach, (and som.e modern f.r.cquenti:st 
methods) may specify a particular cri.terion to stop the f;ni;al. . .A,ppropri.a.te stoppi.ng criteria may be 
based on. a specific am.oun.t of information about t1w parameter (e.g ., a, sufficiently n.a.rrovw 
credible interval., def.n.ed in. Section 6: Analyzing a;Ba.yesfan. Clinical Trial) or an. 
appropriately lii.gu; probability !'or, a pre-specif.ed. hypothesis . 

At any point before or during a Bayesi.an clinical trial, you can. obtain posterior distribution 
for. tla.e sample size . Therefore, a1: any point in the trial, you can, compute the expected additional. 
number of observations necdcd .tio meet the stopping criterion, In, o1Ji.er words, 1;h .e sample size 
distribution is continuously updated as the trial goes on. Because the sample ;si.ze is not explicitly 
park of tla.e Stopping criterion., the trial can be ended al : t17.e precise point where enough 
information, has been ga,tlicred. to answer Vie important qu;estion;s . 

Special consi.deral;k4os when sizing a Dayesian trial 
VVTer.t, sizing a T3ayESi.an trial, FDA recommends you decide in advance: Art. the'ran.zn.i,mazm: Sam. .nl.e 
size according 1;o saJ:'ety and, effectiveness endpoints because safety endpoints may lead to a: 
larger sample size. FDA also recommends you include a minimum. level of information. i`TVrm . the 
cur,ren,t 1t:i:aJ, to enable verification of model assumptions and appr.opr.i.ateness of prior information used.. This practice also enables the clinical community to gain experience with the device . 

When hierarchical models axe ased:, we recommend you provide a minimum. sample size for 
determining tl.ie amount; of information, that will be "borrowed." from. other studies. 

We recommend the maxim .um. sample size be d:ef.n.cd. according to economical, ctliical, and 
r.egwJ.atary considerations . 

Var,i,aus approaches to sizing a Baycsi:an.1:ri.a.I are described in In:ou:e et al . (2fN15), Katsi.s & 
Toman (1999), Ru.bi,n & Stem. (7.99$), Lin.dl.ey (].997), and. Joseph : et al . (1.99Sa,b) ." 
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Cnm ment~~ 'Me; guidance sb.ou.ld: start by acknowledging that ft is impossible to compute 

the sa.mple si,ze with the Bayesian anproacli, as the posterior distribution is conditional on. 

the unique, but still unobserved, d:ataset. In addition, as no saanpling distribution is used 

in. die Bayesian method, it is impossible to rely on simulated (sampled) data . . 

However, it is necessary to get some rough idea of the sample size . And, tlus is easily done 

with the frequ.en.tist approach, i.n.cl.udin,~ diverse degrees of wn.ccr.tain.ty about the pr,ior. 

information, Why n.o1: acknowledge this fact, and use tla.e f.requenl:i,st approach 
prospectively to compute a, r,ou.gli approximation of die sample size required with a. 
Bayesian design, and. analysis? : 

pA0 22, Section. 5.8 ; assessin.2 the aneraling- characteristics -of n BaveffiJan:des_ign_ - - 

Because of the inlZer.ent i7.exi.bi,li,l.y in the design of a: Lia.yesi.an clinical trial, a tJioxough evaluata.on, 

of the operating cliara,cl:eristi:cs shouJd be part of the trial. d.esi.p,. This includes evaluation, of: 

" probability of. erroneously approving an ineffective or. un~.Sat'e device (type r error) 

" proha.biJ.i.1y of erroneously disapproving a safe and effective device (type Il error) 

" power (the converse of type 11 error: 'the, probability of appropriately approving a. 

safe and effective device) 

" sample size distribution (and, expected. sample size) 

- prior probability of claims for the device 

- if applicable, probability of stopping at each interim look . 

Comments. Tlai.s Paragraph makes explicit mention. of purely f.rEquen.ti.st notions, siich as type I 

and tI error-ra.t.es, and. power. It is ac l.cn:owl.cd~ed here that the fxeq,uen,iist approach is very well 

adapted to prospective thinking about o: design., as it relies on, pa,r.errtctcrized: sampling 

distributions . Can. this fact be acknowledged in. the text? 

Page 23 Section G.3 : Interval estimation. 

"13ayesi:an, interval estimates are based: on. the posterior distribution. and are called credible 
intervals . If thc posterior probability that an, endpoint l.ies in, an, interval is 0.95, then this interval 
is called a, 95 percent credible Interval . 

For. construction. of credible inter.va,ls, see Chen. & Sb,ao (1999) and. Trony (1.992) . C?tb.ex types of 
l3ayesian : statistical intervals include li,i.gliest posterior density ( ,HPA) intervals (Lee, J,997) and. 
central posterior intervals . 
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CemMen-t: The scction 60.0 is ritislcacians, ras it is-tl)e pxpbOtbi.licy of a. Oven interval, 
which is esii,tn.a.ted.. ~xrt~al. estimation, siaggcsts that the bdund.a~'ies of tl~.c interv'a1 are ,.~U 
r~a~JoM waTia1ay.es, as in the fi'e4u=,t!st approacL 

On beh:oi£ofSgnofi-53~atbetabo Inc, and Aventis Pharmaccuti:cals, xncmbers of the sanof-aventis 
Group, wc appzecia ;tc the opportunity to comment on ft "17ra, ft. ~'ntidanc.efar Iradu,ctry and Food 
and drug Administration Shrfj; Guidance for the Use of Rayeslan Sta1l8CFc,s in Modxcal Device 
Clinical Tria-Is " and axe much . vblige4. for your considera,tion . 

Sin ccrel.y, 

. , 

arr~~ 

Richard Gum] 
Vice President 
Regulatory Dcvelopm.emt 


