3.6 What resources are available to learn more about Bayesian
statistics?

3.6 XA XFEHZ DWW CEEZ RO D=0 0&EER

Non-technical introductory references to Bayesian statistics and their application to
medicine include Malakoff (1999), Hively (1996), Kadane (1995), Brophy &
Joseph (1995), Lilford & Braunholtz (1996), Lewis & Wears (1993), Bland &
Altman (1998), and Goodman (1999a, 1999b). Berry (1997) has written for FDA an
introduction specifically on Bayesian medical device trials.

A KifEE & T OERSEF OB T 5 IS A RS & LTI,
Malakoff (1999) . Hively (1996) . Kadane (1995) . Brophy & Joseph (1995) .
Lilford & Braunholtz (1996) | Lewis & Wears (1993) ., Bland & Altman (1998) .
Goodman (1999a, 1999b) T X 5 k739 %, Berry (1997) 1IFDAMITIZ
B B2 AW ERESOBRKRRBRIZET 2 AMEZHE L TV 5,

A comprehensive summary on the use of Bayesian methods to design and analyze
clinical trials or perform healthcare evaluations appears in Spiegelhalter, Abrams, &
Myles (2004).

A ZWEERAWERBBROT VA 8B L UM £ 72 B o 52561
B4 % @ IEAUIEEE I Spiegelhalter, Abrams, & Myles (2004) O 3CHA CRESR T X
B

Introductions to Bayesian statistics that do not emphasize medical applications, in
order of complexity, are Berry (1996), DeGroot (1986), Stern (1998), Lee (1997),
and Gelman, et al. (2004).

Berry (1996) . DeGroot (1986) . Stern (1998) . Lee (1997) . 38 L U'Gelman,
etal. (2004) X, A XEEFHEEFE~OBRICEREBENT, BHEOIEC
BALTWA,

References with technical details and statistical terminology are Spiegelhalter, et al.

(2000), Spiegelhalter, et al. (1994), Berry & Stangl (1996), Breslow (1990), and

Stangl & Berry (1998).

TR 2 BEMARRR & BT REE 2 S BB 3k & L TIL, Spiegelhalter, et al.
(2000) . Spiegelhalter, et al. (1994) | Berry & Stangl (1996) . Breslow (1990) .

B L UStangl & Berry (1998) 2 X2 D05 5,

An overview of Markov Chain Monte Carlo for Bayesian inference may be found in
Gamerman (1997). Practical applications appear in Gilks, et al. (1996) and in
Congdon (2003).

NA REEROEHERICE T A v /Lo 7#EET T v EOHER
Gamerman (1997) MEZEITREN TV S, EEMNSHIZ DWW TIEGIlks, et al.
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(1996) B UCongdon (2003) DEFETH SN TIN5,

Brophy & Joseph (1995) provide a well-known synthesis of three clinical trials
using Bayesian methods.

Brophy & Joseph (1995) 134 XIEZAWT, <ML TV B3 DD
BROFBEZIT> TV D,

A list of resources on the Web appears on the Internaticnal Society for Bayesian
Statistics website.3

U7 YA b EDOSBEIE Y A b idIntenational Society for Bayesian Statistics
DY A PTHETE 5,

3.7 The Bayesian approach should not push aside sound science.

3.7 NA RIETIEEEO H R FHREBRA L Tz b0
Scientifically sound clinical trial planning and rigorous trial conduct are important
regardless of whether you use the Bayesian or the frequentist approach. We
recommend you remain vigilant regarding randomization, concurrent controls,
prospective planning, blinding, bias, precision, and all other factors that go into a
successful clinical trial. See Section 5.1: Bayesian trials start with a sound
clinical trial design.

FHERIEIRMED & 2 BRARRBR OHES L O 2R B ML, <A XL
BEMIFEONTIERVI NN L TEETH S, EIEAL. AR
SRR, A& EE, BRI, ST A BE, BILUERRRBR L RICEL
ZOMDTNTOERIZOVWT, FICEEICEE TSI L2 #ET 5,51 ~
A XEE AW ERRRIL., ERECHIBRT VA o hbasBoz L,

’ http://www bayesian.org/

http://www bayesian.or
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3.8 What are the potential benefits of using Bayesian methods?
3.8 XA YEDHERIC L > TH LN D FHREMED B 5 Fil 42

Sample size reduction or augmentation

Yo TR A ZORENETTIER

The Bayesian methodology may reduce the sample size FDA needs to reach a

regulatory decision. You may achieve this reduction by using prior information and

interim looks during the course of the trial. When results of a trial are unexpectedly
good (or unexpectedly bad) at an interim look, you may be able to stop early and

declare success (or failure).

A RIETRFDAD IR BORE DI DWHE LT HY TP A Xk

M/ D2 ENTED, Thid, Faisndk s BARBRTOFHRELZ AN S
TERESTERTE D, BARHEROMERRPEAEOR A TSN BT
(RIZETIRIMNIARR) ThoTehd, RRE B HE L, KBz (£
TIERRE) #RAT DI LB TED,

The Bayesian methodology can allow for augmentation of the sample in cases
where more information helps FDA make a decision. This can happen if the
observed variability of the sample is higher than that used to plan the trial.

NA ZETEL & B RDHAFDADOHFIRE BREICRILDHEITIE, T
TN A RXZWRTHIENTED, ThE, BEIShET 7 roiEbo
EPFEBREEICANORE D LY REWIBEICERT B,

Midcourse changes to the trial design

RBRT VA L OBPER

With appropriate planning, the Bayesian approach can also offer the flexibility of
midcourse changes to a trial. Some possibilities include dropping an unfavorable
treatment arm or modifications to the randomization scheme. Modifications to the
randomization scheme are particularly relevant for an ethically sensitive device or
when enrollment becomes problematic for a treatment arm. Bayesian methods can
be especially flexible in allowing for changes in the treatment to control
randomization ratio during the course of the trial. See Kadane (1996) for a
discussion.

BEREE & L TTAA REEAND Z LX) | BRHER ORISR PE
FEiTHI&NTED, EEOTRMEDOH D LD L LTE, FE LRV
BREDIRE. EFRLDOFEMEERENRS B, EIEA{LOFIEBIEIIE
WEMICEE 2 E T 2EBROB SRR~ OBRICHEN H 255147
bivd, ~A XEEZRAND Z & T HTRRTOEERLOLEL o b
=T DI DIBRER 2 FBITIT 5 Z L3 TE B, Kadane (1996) DEZ
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Exact analysis

TERE 72 fE AT

The Bayesian approach can sometimes be used to obtain an exact analysis when the
corresponding frequentist analysis is only approximate or is too difficult to
implement.

A YR IS DB ERAIEAT SIS T E W ERRE R 56
W, ERERIBNTREREBLIEDICAVLNE Z & 23H D,

3.9 What are the potential difficulties in the Bayesian approach?
3.9 NA REOHEMIC L > TEL S AREED & 5 A

Extensive preplanning
N b
Planning the design, conduct, and analysis of any trial are always important from a

regulatory perspective, but they are crucial for the Bayesian approach. This is
because decisions are based on:

+ prior information
+ information obtained from the trial, and

« the mathematical model used to combine the two.

BRBEBROT VA o, EHR L OO EILRAHEE 0B SO L EICEE
ThHHEN, A XELE > THRARTH D, THUTSA XEIZ L BT
ENRYUTIRESHNTHEREDTHS,

o ERIENGHK

o RENLELNIZIFER

o FERD2OEEAT HIDIER IRAIEFENET IV

Different choices of prior information or different choices of model can produce
different decisions. As aresult, in the regulatory setting, the design of a Bayesian
clinical trial involves pre-specification of (and agreement on) both the prior
information and the model. This includes clinical agreement on the appropriateness
of the prior information and statistical agreement on the mathematical model to be
used. Since reaching this agreement is often an iterative process, we recommend
you meet with FDA early on to discuss and agree upon the basic aspects of the trial
design.

HAIEEROET VOBIRNBRL D L BRbLER->TL %, T, Kl
HBOWREICIO T, <o K&V BRRROT YA VI
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EETNVOBBIZONTOFRIHEE (BLUAE) BBETH D, 2T,
ERIEROMUMEIC BT AR AE L FHA SN AHENET VIZET S
ﬁﬁ%%m?ﬂaiﬂéov?bﬂaﬁkﬁTéKﬂﬁ@%foZ%ﬁé
BENL oD, BROVERETIDA L RFE 21TV, BT VA v 0 EAHA
ﬁkomfﬁﬁbA AL BT S,

A change in the prior information or the model at a later stage of the trial may
imperil the scientific validity of the trial results. For this reason, formal agreement
meetings may be appropriate when using a Bayesian approach.

RROBRHEME THEIHAHOTTNVOEE LT & BREROBZEMZY
‘féiﬁi% RONDREERH D, Z0d, <A AEEAVIHEIITIERR
BEDIZDDBEFNSZITI T LR BEEEEZ LD,

Specifically, the identification of the prior information may be an appropriate topic
of an agreement meeting.4

FRIZERTAROMERIL., AERFEORYURBELEZLND,

) The FDA Modernization Act (FDAMA) provided for two types of early
collaboration meetings: agreement meetings and determination meetings. For details,
see the FDA Guidance on early collaboration meetings at
http.//www.fda.gov/cdrh/ode/gnidance/3 10.html.

"FDAIZ X BIERALE (FDAMA) T, AERNE LBERESDI>DE
HEFRNEEZREL TV D, FMIZRREERFSICET2FDAV A &
A% (http://www.fda.gov/cdrh/ode/guidance/310.html) .
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Extensive model-building
JEFRI2E T ARG

The Bayesian approach often involves extensive mathematical modeling of a
clinical trial, including:

» the probability distributions chosen to reflect the prior information
« the influence of covariates on patient outcomes or missing data

» the relationships between various sources of prior information used in the

model.
N RETIEHEL DBE. UT2 82 ERRBROMENETY 7%
79,

o FEHIEIRRD RO T DITEIR SRR AR
o BEOERFO RIS 2 RERDOEE
o ETVTHEM Sh 2SR FRIARRIR O B

i

We recommend you determine medeling choices through close collaboration and
agreement with FDA’s and your statistical and clinical experts.

FDAB LU BHOKHEME, BREMR L OBRERZHERB L URERICHE>
TETNVEREZIT S Z L2 iEd 5,

Specific statistical and computational expertise

57 A e R K E

The Bayesian approach often involves specific statistical expertise.
Computer-intensive calculations are often used to:

« analyze trial data

* check model assumptions

* assess prior probabilities at the design stage

» perform simulations to assess probabilities of various outcomes
» estimate sample size.

ANA RRETCIR U VIS BB RIS SE L Sh b,
LTI, arCa—F2RALEHERTLRD Z L2350,
o RERT — Z OiFAT
o T IAREDRERR
o TV A B TOHERIREERTM
o ZEEREROBRIHEOLODY I 2L — 3 VE
o FLUTNYA XDOHE
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The technical and statistical costs for the above are often offset by the savings of a
shorter trial or a more flexible analysis.

EREC D D548 - HEETHI a2 MIZ L DFE. L VEHMORBRE LT
KU FHRHEOB VAT L 2E0 THE SRS,

Choices regarding prior information

TR BT 5 &IR

An FDA advisory panel may question prior information you and FDA agreed upon
beforehand. We recommend you be prepared to clinically and statistically justify
choices of prior information. In some cases, we recommend you perform sensitivity
analyses to check robustness of models and priors.

FDADFEMZER S TIE. RE LFDARH LN U DEE LEFEFTARIZ >N T
BT 55680355, Tk, ERIEEROBRIC OV TR - HEt38
RRPETRTZERTED LI L TR Z & &HRET 5, HEHIT Lo T,
ETNB LOFIMAROBEE LR T 2BEMMTOEREHRETE L0
YD,

Device labeling

RO~y 7

Results from a Bayesian trial may be expressed differently from the way trial results
are usually described in device labels. We recommend you ensure trial results
reported on the device label are easy to understand.

A KE e RO BRRABROFERIL, BEORBRBERAWE O 7 TRt
TELIIRRDFETTRENDBERH D, WHED T TR TR R,
SNV RTNHDICT DI L EHET 5,

Checking calculation

SR ORER

The flexibility of Bayesian models and the complexity of the computational
techniques for Bayesian analyses create greater possibility for errors and
misunderstandings. FDA, therefore, will carry out a detailed statistical review of a
Bayesian submission.

NA RIEDET N DFEIER L UANA AT O T D OFHE M OB
£ 9 WRCEROMESAL U D AR IERICEm< 2D, T D7), FDA
TIEAA REE AW BEEIC DV TR s 2R 247 5,

Since the software used in Bayesian analysis is relatively new, FDA will often
verify results using alternate software. FDA recommends you submit your data and
any programs used for Bayesian statistical analyses electronically.

NA ATV OND Y 7 U = TR LWL O TH B2, FDA
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BREY 7 FERAWTEREZRIET 25 A0%0, FDATIE, XA XiEE A
WA SN T — 2 B LU v 75 AOBTFH/ R IR
LT3,

Bayesian and traditional analyses approaches may differ

A KA & PSR DIRATIE & DE

Two investigators, each with the same data and a different preplanned analysis (one
frequentist and one Bayesian), could conceivably reach different conclusions that
are both scientifically valid. While the Bayesian approach is often favorable to the
investigator with good prior information, the approach can be more conservative
than a frequentist approach (e.g., see Section 5: Planning a Bayesian Clinical
Trial).

U7 —& & B 2HAEEMEN (—H3EERINTE. b ) —FHiE( X
B) ZRVWIRADTIRED, W bBFACEEED b 5 R 5w
BT DAREMEDN H D, A XIEIT B R ERTRR 2R/ OB & o TR
BORVEENREZVE, ZOFERITEERNTFELY bEXDRFERE b
YRR HD (B 15 A AEE AW ERAROSTEER) |

If the results from your pre-planned analysis are not as positive as expected, we
recommend you do not switch from a frequentist to a Bayesian analysis (or vice
versa). Such post hoc analyses are not scientifically sound and would tend to

weaken the validity of the submission.

FANCEE LT OFER S TR %E TESHE. HEMIFEN D ~A Xk
~ (b L FZ o) OV EZEITLRNI EEHET S, ToX5FE
BIFATIIBFERVEIREIC R T, BEEORUEEZBR SEMRH D7D TH D,
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4. Bayesian Statistics

4. XA XkE
4.1 Introduction
41 XL ®DIZ

The fundamental idea in Bayesian statistics is that one’s uncertainty about an
unknown quantity of interest 1s represented by probabilities for possible values of
that quantity. For instance, unknown quantities of interest in device trials might be:

« clinical safety and effectiveness endpoints
+ a patient’s outcome to be observed in the future
* a missing observation on a patient.

AN AR OEARIL, NMEEROROHEEICET 2T RELEE, £0
TEEEDBEOFRIIOVWTEZLNAEDREERICLL > TFRTILTHD,
B2, ERESOBRARICBT I TNEEEOELFEL LTL, UT%
BT LR TED,

o BRIRMIZEMB I UFEIMED = FARA b

o BEITFRALN DR

o BEITETHRAEE

Prior distribution and non-infermative prior distribution

R4 L OEF RSO

Before a trial begins and data are obtained, the imnvestigator 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
knowledge of the quantities of interest or on another expert’s opinion, etc. If
absolutely nothing is known about that quantity, something called a non-informative
prior distribution may be specified. In trials undergoing regulatory review, however,
the prior distribution is usually based on data from relevant previous trials.
FRERRABRDOBIAR LT — & O AFFNC, IRBRETEMITFRISM & LT
ONATHEEDELFERIZOVWTEZ DN AERFRRERELEVE TS,
JRAIE LT, FEaifeRIISER OB OFEICET SRR EEEMOE AN
MFEINOEMAROERZLE SV TRESND, ZOBELMEHEDEIZ
DNTE 272 AFRBRWHE I, EBERFINOMEEIND b OMBED
bhadZ ends, LiL, Rl OB AToh S BIKRR TlE, Faie
MALBEEEE T SREOERKRERN OB/ LN T —FITE STV D,
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Bayes’ theorem and posterior probabilities
R ZAOFEBRR L UHEERHEE
After data are gathered and information becomes available, the prior probabilities
are mathematically updated according to a statistical result called Bayes’ theorem.
The updated probabilities, known as posterior probabilities, are probabilities for
values of the unknown quantity after data are observed. This approach is a
scientifically valid way of combining previous information (the prior probabilities)
with current data. The approach adjusts to changing levels of evidence: today’s
posterior probabilities become tomorrow’s prior probabilities.
T FINER L UERA TR, FERERIIANA AOFEHE L T 5 5eHER
> THRFNICEH SN D, EFSNRERITIFRRERL LTabh, 5
— I BEROAFEEROEOCERDEICET OMETH D, TIITERIEHR
(FHRER) LEHT — 4 2T ORFNCHEDRFETH D, ZOFE
ILEY, TEFURD LA ERETE B, bbb, BEOHEHESR
PR DOFRIHER L 72D,

The Bayesian paradigm

A R

The Bayesian paradigm states that probability is the only measure of one’s

uncertainty about an unknown quantity. In a Bayesian clinical trial, uncertainty

about an endpoint (also called parameter) is quantified according to probabilities,

which are updated as information is gathered from the trial.

NA AFRFETIE, BREITHEORBICET O REEORE S Z2TTHO

T ER0NEENTHD, A XEEAWVZERRBR CIE, = FARA b
(RTA=F L HIFHIND) T OIRERMEZ R > THEL. ©

e RBRCIE SN S HERICE VEST 5,

Decision rules

RrER

The pre-market evaluation of medical devices aims to demonstrate the safety and
effectiveness of a new device. This demonstration is most commonly achieved
through statistical hypothesis testing. For Bayesian trials, hypotheses are tested with
decision rules. One common type of decision rule considers that a hypothesis has
been demonstrated (beyond a reasonable doubt) if its posterior probability is large
enough (e.g., 95 or 99 percent).

ERER O ETATRHEIL. B LWBSROZEMB L UEDROE TR BRI L
LTND, T OETREHMEEARFREIL L > TITEN D D35 b —fRAY T
HB, M AEE AVEERARTIE, RRIZRENHE> TRIESh 5,
HDH—REHRRENTIE, H2RHILEOFZEERS+SITE VGRS (F -
S%ETITI9%) ICEESNDH EEZBND,
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The Bayesian approach encompasses a number of key concepts, some of which are
not part of the traditional statistical approach. Below, we briefly discuss these
concepts and contrast the Bayesian and frequentist approaches.

N AFEIZEOBEELREPEENTEY . ZOPIIIER O FH
FHEICEFEENTHRVLDOLH D, TOX D RBEIC >V TIZLLIT THE
R~ A R LR FERZ R 2 b0 L35,

4.2 What is a prior distribution?
4.2 FHIHA LT

Suppose that x is an endpoint (parameter) of interest in a clinical trial. The initial
uncertainty about x should be described by a probability distribution for x, called
the prior distribution and denoted by P(x).
HOERRBFUICBITIELOH D= FRA U b (RFA—F) 2xb T 5,
XtZBY D MAIORFERMIL, FH1A &I DxOMERN (P(x) IZX
STHREIND,

As an example, suppose X is the rate of a serious adverse event. Its possible values
will lie between 0 and 1. One prior distribution is the uniform distribution indicating
no preference for any value of x. So the probability that x lies between 0.1 and 0.2 is
the same as the probability that x lies between 0.4 and 0.5, or between 0.65 and 0.75,
or in any interval of length 0.1.

PIZIE, x2ERLAEFRORERE T D, TOWEREODH HMEZ0L1D
ML 72d, 1DOEFMHMIINREDL 5 RIETHELEINRNI L2RT—
WOATHD, LIho T, xORERNP0.1L020DM &2 HERIL, 04L05
DL 72 DR, 0.65L075D/ & 72 DFEFE, HDHWIEMLO0.1RHME & 72 DFE
RERLTH D,

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 between 0.7 and 0.8.

—77. ERISH CTRExOEEIELESND I L b H D, FIAIF, x080.2803
ORI & 7 ARERIIxN0TL08DH & e ARER LV L EL R ATFREMR H B,

4.3 What is the likelihood of the observed data?
4.3 JEMEDOLE & 1%

Now suppose data have been obtained from a clinical trial. The likelihood of these
data being observed can be formally expressed in terms of a likelihood function,
P(data |x), which is the conditional probability of observing the data, given a
specific value of x, for each possible value of x (the parameter). The likelihood is
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the mathematical and statistical model that reflects the relationships between the
observed outcomes in the trial, the covariates, and the endpoint x of interest.

EC, ZICTHRERGFNOT —2 BB oniz 15, ThORET—F 0%
B b, BEREPWata |x) TREND A, THIIXDEEDETH S &
W) HHETXDFREMEDH HEE (N7 A—F) IO TTF—FMRBEIESh
LHEMHMEMBETHS, DETBERRBR CHE I NLRF, £FE, BLV
BLOH DT RARA » MxOBEEMEE KT 285FH - EtENET LT
H5b,

4.4 What is the posterior distribution?
4.4 BRI LT

The final objective is to obtain the probability of each possible value of the endpoint x
conditional on the observed data, denoted P(x] data). Using exclusively the laws of
probability, Bayes’ theorem combines the prior distribution for x, P(x), with the
likelihood, P(datalx), in order to obtain the posterior distribution for x, P(x|data). In
the Bayesian approach, all available information about x is summarized by the
posterior distribution, P(x |data), and all inferences about the endpoint are based on it.
AR BRI, MIET —F 2 G LT BT FRA » MxOFREEDH 5%
EORER (P(x|data)) Z2RKDDZETHD, BEEROEHOHLEZRNT, ~A X
DOEE TIIxDFERIOMAP(x) & LEP(datalx) & #E4 L. xDHE%HFP(x|data) &
HY D, A XIETERL IOV TAFRRER TN TOFBITEFR AP (x|data)
WEoTELEDOEN, TV FRA & MY 5§ X TOHERIT ZITESNT
Thohd,

As more data are obtained, more updating can be performed. Consequently, the
posterior distribution that has been obtained today may serve as a prior distribution
later, when more data are gathered. The more information that 1s accrued, the less
uncertainty there will be about the posterior distribution for x, and as more and more
information is collected from the trial, the influence of the prior will become less and
less. If enough data are collected, the relative importance of the prior distribution will
be negligible compared to the likelihood.

Z DT —ERBONBIIIEEFLHBIIT O LN TE B, ZORR. 41
BONEEEOMT. BHESOLREF—FBINE SN-BICITENOR L2 5,
BOENAERNBZ VI ExDEROMICET D REEEN DR 20, BER
BRODINE SN ABERAZ TITB VIR Y, FRIOHOEEBN/NEL 5, +
Ie T BN SN TR A ERIOMOMTHEEMRII LEICHETIK b
bbb,

For more introductory material on conditional probability, Bayes’ theorem, and
Bayesian statistics, see DeGroot (1986), Lee (1997), Berry (1996), Lindley (1985).
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For an introduction specific to medical devices, see Berry (1997).

M & FER, A XOFER L OA XFEEHIBET 2 X b7 2 EAETENI,
DeGroot (1986) . Lee (1997) . Berry (1996) . Lindley (1985) %%,
B EEERRICE T 2 B ABEEHIBery (1997) 23/,

4.5 What is a predictive distribution?
4.5 TR & i

The Bayesian approach allows for the derivation of a special type of posterior
probability; namely, the probability of future events given outcomes that have
already been observed. This probability 1s called the predictive probability.
Collectively, the probabilities for all possible values of future outcomes are called
the predictive distribution. Predictive distributions have many uses, including:

* determining when to stop a trial

» helping a physician and patient make decisions by predicting the clinical
outcome of the current patient, given the observed outcomes of past patients
in a clinical trial

» predicting a clinical outcome from a validated surrogate

» adjusting trial results for missing data (imputation)

- model checking.
NA RIETIIRFEDOFRIER, 2%V, BICBESh&REHRe LR
ROEZOROEHNFETH D, TOEREHTRE VD, REDEF
DFREMED H 5T N TOEICET DREREH U TTRISM &S, FRISA
WCIIUT 20, ZROMENRH 5,
o BRBBROPILFFRHEZRET S
o BARRRICBWCEEDOBETHEINEREZ L LICHEDE
FEOBRKERE TRIT2Z LICL > TEMBLUBEORRRE
ZIETD

o HUMAEFESNT-RAA»LERERFREZHEETT D
o RBEHEIZSOWTREBERZHET D (F—F4H5%)
o ETNHEREATD

These uses are discussed in more detail in Section 6. Analyzing a Bayesian
Clinical Trial.

TN B DRABTHONTIHEAA XA AW ERRARBR O T & b ICREHIIC
BB D,
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4.6 What is exchangeability?
4.6 T RIREME & i

Exchangeability is a key idea in statistical inference in general, but it is particularly
important in the Bayesian approach. Two observations are exchangeable if they
provide equivalent statistical information. So, two patients randomly selected from a
particular population of patients can be considered exchangeable. If the patients in a
clinical trial are exchangeable with the patients in the population for which the
device is intended, then the clinical trial can be used to make mnferences about the
entire population. Otherwise, the trial tells us very little about the larger population.
The concept of a representative sample can thus be expressed in terms of
exchangeability.

RAATREME & 1d, —ARICHEEHASHERRIC B W TEERIER TH 548, i1
RELBWTHEBETH D, 2200HIET — & 5 b RZOFFHEMEFERNE
LI AEHE., ThoDT —FIZRAEETH D, LizhoT, bHbHHEDE
FEF» O EBESITBIRENI2ADBE IR AREEZOND, HDEE
RABROBEPEFRBESRZERTIEAORBE & MTRREE. TORK
RRIIEFLEICET AHERICAVDIZ LR TE S, £ TRVWEE, TO
ERARBR DIE, LV REREFICOWTZEALHEREB/ L L TER
Ve L7 T, KRRV IV ORSIIZBTREOBRNORT Z ERT
& D

Exchangeability may depend on the statistical model used. If we know, for example,
that the adverse event rate for a particular device depends on the patient’s body
mass index (BMI), then we say that patients are exchangeable conditional on BMI.
That is, two patients will provide equivalent statistical information, but only after
we account for differences in BMI. Therefore, any discussion of exchangeability
should also include a discussion of the statistical models used.

RRTFREMEIIER T AFETET M Lo TER B, Bl IEEED EREEIC
B 2 AEERORERPBE OFKIESR BMD) IKEAShDZ &M 50
STWBHE, BERBMIZGEMAEL UTRIBRAIGEEL WD Z LT D, Y,
BMIDZE % B 522 L THID QL ADBEH b AFOREHFHIFRPE L
DDTHD, Lo T, ZWAEEICET TN TOBLRITIIEAT 58K
FETNCETIEELEDDINETHD,

We can also think of exchangeability in terms of clinical trials. Two trials are
exchangeable if they provide equivalent statistical information about some
super-population of clinical trials. Again, the trials may be exchangeable, but only
after we account for (that is, condition on) other factors with the appropriate
statistical model.

IHAT[REMEIZ DV TIE, BBARRROBANDL LEETHIENTE D, 2D
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DEERAERIL, T b —HDOBRKRAROBREIZE L CRZOHE %10
FMERET 2BETBTRETH D, ZOBHE L. AEARITEY Mt
ETFMIE o TCEDMDOEEERLNITE (DX ) RELBEICTS) =
& THID TRMTREL 72 D,

The use of Bayesian hierarchical models enables us to combine information from
different sources that may be exchangeable on some levels but not on others (see
Section 5: Planning a Bayesian Clinical Trial). If trials are exchangeable, then
Bayesian hierarchical models enable us to make full use of the information from all
the trials. For technical definitions of exchangeability, see Bernardo & Smith
(1995).

A ZBIEBET N & VT, —EO VL TRRATRE TH AR Z Ot L
AULTIEE D TRRBRWERDFEREN O OFREFEETHI LN TES (5
A AR AWTZRRAROFTEZR)  BRARERIZZRRIRERBE, N
AHREBET NV EZRND Z EICL > T, T ORBT R Th LB/ LRE
B t+oCERT D LN TE D, IATREMOBITRIERRIC OV T,
Bernardo & Smith (1995) #& D &,

4.7 What is the likelihood principle?
4.7 GEERER &3

The likelihood principle is important in all of statistics, but it is especially central to
the Bayesian approach. The principle states that all information about the endpoint
of interest, x, obtained from a clinical trial, is contained in the likelihood function.
In the Bayesian approach, the prior distribution for x 1s updated using the
information provided by the trial through the likelihood function, and nothing else.
Bayesian analysts base all inferences about x solely on the posterior distribution
produced in this manner.
LEFEIZT X TORFHIBWTEETH DR, FRiT N ZFEITRBWTIER
AIRTHD, LEFETIE, BRERNOEONIELOHD= L FRA v
FIZBEY 55 N TOFRILERBRICETEND, Lahd, A JETHEx
DEFISGMZRRRROOEONSFREM T LEBEORCL - TE
BB A XTI TR ToMRE OIS L THLRE
FRAMICDHRIESNTIT 5,
A trial can be altered in many ways without changing the likelihood function. As
long as the modification schemes are pre-specified in the trial design, adherence to

the likelihood principle allows for flexibility in conducting Bayesian clinical trials,
in particular with respect to:

« modifications to sample size
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» interim looks for the purpose of possibly stopping the trial early
« adaptive designs in general.

FRARABRIILEREZEF T <, SESFIEETEHZ LN TE D,
BEEHEIRRT VA o THEIMOTRENTWARY | BEREA M5 2
LT E T, A REE AW EERRABRO I BV TRHIZLUT O s TFER
HERbLEEbEh3,
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o WIHTEBTYA 2K

For more on the topic, see Berger & Wolpert (1988), Berger & Berry (1988), Irony
(1993), and Barlow, et al., (1989).

L EEFER DOFEHIZ DV TidBerger & Wolpert (1988) | Berger & Berry (1988) |
Irony (1993) . B L UBarlow, etal. (1989) &,

4.8 How do the Bayesian and frequentist approaches differ?

4.8 A Xk & HEERNVFEOEN

As outlined above, Bayesian analysts base all inferences on the posterior
distribution, which (in adherence to the likelihood principle) is the product only of
the prior and the likelihood function. Although the frequentist approach makes
extensive use of the likelihood function, it does not always strictly adhere to the
likelihood principle. For example, the interpretation of a frequentist p-value is based
on outcomes that might have occurred but were not actually observed in the trial;
that is, on something external to the likelihood.

BPRDBY | A AT TR CoHEREZ. (DERELZHEST L) FH
SIB L OCLERBED I L > THE LN DFRSMICESNTIT S, HER
HFETIIREREZ RWITERT 228, BELERBELZETF LTS DT
TRV, Bl SAERMOpEOMEIRIL, EZ 2 Wietiddh o T RNERIC
RERCIIBRE SN o IR, 2E Y BEOCHEIMCH 2 bDICESNT
Thh s,

Another way of saying this is that Bayesian inferences are based on the “parameter

space” (the posterior distribution), while frequentist inferences are based on the
sample space” (the set of possible outcomes of a trial).

BVRZ DL, A B LBHRIE [T A—FAR—R) (FHHA)
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RERTEZDND —EOER) &SV TWHEVE D,
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5. Planning a Bayesian Clinical Trial
5. A RiEE VTR KRB O §HE
5.1 Bayesian trials start with a sound clinical trial design
5.1 ~A XiEE AWTZBRRRBIIEREOH 2R BT A o2 b

The basic tenets of good trial design are the same for both Bayesian and frequentist
trials. Parts of a comprehensive trial protocol include:

= objectives of the trial

» endpoints to be evaluated

» conditions under which the trial will be conducted
» population that will be investigated

« planned statistical analysis.
ENTHABRT VA OERNERIT, N XEEAOVZBERRR. BEERY
FHEEZRAVEEREROWVTIICBOWTLR L TH D, AIEHLRRBREHE
HEO—EUIILLTREEND,

« RERDBRY

o FHlEE (=2 FARA M)

o READFEHSA:

o HBRHER L2 DEMH

o BERTAEATETE

We recommend you follow the principles of good clinical trial design and execution,
including minimizing bias. Randomization minimizes bias that can be introduced in
the selection of which patients get which treatment. Randomization allows concrete
statements about the probability of imbalances in covariates due to chance alone.
For reasonably large sample sizes, randomization ensures some degree of balance
for all covariates, including those not measured in the study.
NATAZE/NRICIZ D Z L 280, BLEBERRROT VA BLUE
MORANIHE D = & 2 HER D, EIEAMICZLY | BEOIREEIY FHiTiIch
WTEASNBL AT ARR/NRICINA D Z &3 T& 5, EBEALET S
& Lo T, BRDOARIT L BIREEDOTEE ORI OVVT BR800
REREL 725, BUARKE S DF LTI A XTH. BIEBILEFD = & 1o
L0, BRRTHEESNRVLDOEZED, TRTCOHERIIOVWTHIEED
Bz oZ LM TE 3,
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Masking (also known as blinding) of physicians avoids bias that can be introduced
by intended or unintended differences in patient care or evaluation of patient
outcomes based on the treatment received during the course of the trial. Masking of
patients minimizes biases due to the placebo effect.

EEID= 2% (BRILE BV D) IRV, BEORKICBITIERNE
TSFEREZNE, &5 WITRBRIICBERZIT BRI E S &FOF
ML > THASHDFAREDH DA T APERINDS, £, BEO~
AxTTEY . TTERDRITE D24 T ABRNRIZIZ bh B,

We recommend you choose beforehand the type of analysis to be used (Bayesian or
frequentist). Switching to a more favorable analysis method introduces a bias. It is
difficult to justify a switch or account for such a bias in the analysis stage. In some
cases, a Bayesian analysis of a new trial may salvage some information obtained in
a previous non-Bayesian clinical trial that deviated from the original protocol. The
information provided by such a trial may be represented by a prior distribution to be
used in a prospective Bayesian clinical trial.

FHRNCE AT DR OREIR (A XED L IIEERITE) 28R TR
KT EZHRETD, LVIFE LWRITIE~DE Y B X 21T 5 LN T AMAE
Lo, TR TH Y B ORIWERT I ERED X 5 231 T 22 BFEIC
THZEIIRETH D, HBEITL > T, FeF RO T EITH Z
S Ko T BIATAA XEZ AV WERRERER T b iz 28 YR OTRBRE M
SHEEOBRE LI —MOFHRZEINTE S Z L bH D, TD &5 LHERIC
o THEONIAFRIT, A XiEE AV-Fim & BERFEBR CHER Sh 2 F4
DAL > THRENSD,

For further information on planning a trial, see FDA’s Statistical Guidance for
Non-Diagnostic Medical Devices.s

FRARBABR OFHENC 3 2 5EM1d . FDA P Statistical Guidance for Non-Diagnostic
Medical Devices’# B D Z &,

5.2 Selecting the relevant endpoints or parameters of interest
52BN FRA VP ETLEAT A —F &BINT 5

Endpoints (also called parameters in this document) are the measures of safety and
effectiveness used to support a certain claim. Ideally, endpoints are:

» clinically relevant
» directly observable
» related to the claims for the device

« important to the patient.
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For example, an endpoint may be a measure of the size of a treatment effect, or the
difference between the effects in the treatment and control groups. The objective of
a clinical trial is to gather information from the patients in the trial to make
inferences about these unknown parameters.

Tel ZIE, =2 RWA 2 NI IRERORE H DV ITRREE & IR IC R
TORROERTRIIRIEL 725, BRHRBRO BANE, RBRIZemLZBE»
IFMEINE L. ZDL I RFRHARERNT A —FIZONTHRTDHZ L TH
5,

5.3 Collecting other important infermation: covariates
53 TOMOBEREROIE : A&

Covariates, also known as confounding factors, are characteristics of the study
patients that can affect their outcome. There are many statistical techniques
(Bayesian and frequentist) to adjust for covariates. Covariate adjustment is
especially important in any situation where some degree of covariate balance is not
assured through randomization, such as a Bayesian trial in which other trials are
used as prior information. If adjustments are not made for differences in the
covariate distribution between trials, the analysis can be biased. Covariate
adjustment is also often used to reduce variation, which leads to a more powerful
analysis.

HERITIZAEETF L LTHMbND0, ThITERE OBRICEEL RIFT
FIREMED & DHRE DR &R ¥, IEBOREIC OV TIEE < OFEHER
FiE (A R B L UEERNFE) b5, XEBOFET, ~A Xk
e AW IZBRARRR CHMORREZFNEHER L LTAWDIEHER L. HAEE
DIEBEENT  ABEEAIC L > TERENRVEAICRBICEETDH
B, RERFOIERLM OELTHE L2 UL, AT S, 7 2805 7]
BHERDH D, e, XEBOFEI LELITEL &2 MX 5 2DICANS
MDD, TS > THTOREN B S HIZH/ED,

’ http://’www. fda.gov/cdrh/ode/ot476 . hitml
5
http://'www.fda.gov/cdrh/ode/ot476.html
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5.4 Choosing a comparison: controls

5.4 XN HHRE

To facilitate evaluation of clinical trial results, we recommend you use a comparator,
or control group, as areference. Types of control groups you may use are:

« Concurrent controls
= self controls

« historical controls.

BARRBREROFMABESICT D70, BRH D WITIBELZSBE LTH
WBHZ L EHET D, ANDILOTE 3HBEIILUTO®RY Th 3,

o [RIRFXIRREE

o HOOXTHREE

o JESHXTRRRE

We believe that self controls and historical controls are scientifically less rigorous
than concurrent controls because of:

= potential problems with covariate adjustment
» placebo effect
« regression to the mean.

LT OBHN S, B OXREER L OB R BRI R R BRI b TR
REREERENEEZ NS,
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o ITERLR

o FEHE~DEF

Another way to characterize the type of control is to distinguish between controls
that are treated with an effective therapy (active controls) vs. controls that either
receive no treatment (inactive controls) or are treated with a sham device (placebo
controls). Bayesian methods are especially useful with active controlled trials
seeking to demonstrate a new device is not only non-inferior to the active control
but is also superior to no treatment or a sham control. A Bayesian trial can
investigate this question by using previous studies comparing the active control to
the inactive control. Bayesian methods for active control trials are discussed in
Gould (1991) and Simon (1999).
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