LEETDHILAENE LEESHERRTIL. BIcgBThs, A Xk
ZRAWEHERCEHIOBEABEORRZ AWV TESR & S5 ERRoO
WEITI) LWL o TRFTE I ENTES, o XEOEBABR~DTE
FHZ DWW TidGould (1991) B L USimon (1999) DEZEZ RO I &,

5.5 Initial information about the endpoints: prior distributions
55 = FARA 2 MZBE$ 2B OER - Faiofm
The initial uncertainty about the endpoints or parameters of interest, both in the
control and treatment groups, is quantified through probability distributions, called
prior distributions. See Gelman et al. (2004) for background on different types of
prior distributions. You should select the appropriate prior information and
incorporate it into the analysis correctly. Discussions regarding study design with
FDA will include an evaluation of the model to be used to incorporate the prior
information into the analysis. Irony & Pennello (2001) discuss prior distributions
for trials under regulatory review.
SPRREER L ONBRBEO MIREIC R W T, BLOHh D= FRA » hEi3RT
A =BT HRAORFERLMET, FRIDAM & FFIN D EESMIZE > TE
Blbah s, e ¥ A TOEFIHMACET BRIV TidGelman et al.
(2004) ZZMOZ &, BWHRFFMHEBIRL, THEIE L < BT IZHE S
RERLS TRV, BT VA DNV TOFDA & OREHTIE, ERTH
DT ~DFAIIAIIZ AN BT T VO FHIE b & Te, Irony & Pennello (2001)
TRBRET T ORBROFR OOV TERL TS,

Informative priors

TR

Prior knowledge is described by an informative prior distribution. Because using
prior information may decrease the sample size in a trial, we recommend you
identify as many sources of good prior information as possible when planning a trial,
FDA should agree with your choice of prior distributions. Possible sources of prior
information include:

* clinical trials conducted overseas
* patient registries
* clinical data on very similar products

» pilot studies.
FRINBRIIHRENSMC L > CREN D, FRMHEZAVE I LIt LT
BARRBRIZBIT 2V TP A XN TE B2, BRRBROSE R,
REZRIR Y 2 D RAFRFRIENRIRARET 5 2 & 2HR 45, FDAILEIR
SNIZHEFIDFCOWTEET I 0L 5, FHABRE R VESL L DT,
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e Ay MRBR
We recommend the proposed prior information be submitted as part of the IDE
(when an IDE is required). In some cases, existing valid prior information may be

unavailable for legal or other reasons (e.g., the data may belong to someone else
who 1s unwilling to allow access).

ERICIRR SN HERTAIRGT (IDERFEASLERHAIL) DERGBO—EE
UTCIRHY 5 Z L 2T 5, HEICL o> T, BFFEOE 2 ERai%k e
HFEOBEBPOLFERATERLWEERH D (B« Y57 — 7 B
BT RWVEE LR T 55E)

We recommend you hold a pre-IDE meeting with FDA to come to agreement on
what prior information is scientifically valid and how it will be used in the analysis.
Quantitative priors (i.e., those based on data from other studies) are the easiest to
evaluate. We recommend the prior studies be similar to the current study in as many
as possible of the following aspects:

* protocol

» endpoints

» target population

* sites

* physicians

* time frame.
FDA L IDERFERNZMRFS 21TV, COFIMMEAR 2R Y THY £
ZEDI STV AN OV TAEBE L TR Z L2 #8315, T8
REEE FTRDOLMOBBRNLELNTFT —FITE S D) HHE LT
iRES TH D, BEORRIILLTOATHIERR Y RECRR LB LT
WBZEBNEELLY,

o JRBRSZHESHEE
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Priors based on expert opinion rather than data are problematic. Approval of a

device could be delayed or jeopardized if FDA advisory panel members or other

clinical evaluators or do not agree with the opinions used to generate the prior.

T—2 LV b EMROBRICE SV HFIERIIEELRH 5. FDATKMZER

ED AN =RT DMMDBRRFGE S E D X 5 2 FRIRBOIEAIC

WHNEBERICAELRWEES., ERBROFRNEBNLLY BErsh=y ¥
- DEREMED D B,

To avoid bias, we recommend you avoid using studies that are not representative
(e.g., if non-favorable studies are systematically excluded). We recommend you
check for selection bias by examining:

» the population of all studies that might have been considered

« the reasons for including or excluding each study.
NA T RAEEWMET D720, B TR WERT —F 2 AW5 Z &3l 5 &
SHLET D (B fFE L RWBEBRABERIICERIS S D5E) . LT
BIAZLICLVBIRSA T AR T HZ L 2HEETS,
: Rt EN 7T R TORBROBER
FHABRDOMEAH AN - BRI DB

A Bayesian analysis of a current study of a new device may include prior
information from:

» the new device
¢ the control device

* both devices.

Bl ISR BT A BAEORBR DA ZFATITIZ. UT 0 &8 7- SEaliEnios
EEh5,

Brizroiias

KTERBERR

f=eatolnys)

Most commonly, prior information based on historical controls is “borrowed,”
which can significantly decrease the sample size in a concurrent control group. As a
result, a greater proportion of patients can be allocated to the experimental device,
increasing the experience with that device at a faster pace. However, if differences
between the historical control studies and the current study are large, the use of a
historical control as prior information for a concurrent control may not be
advantageous.

B, ERARBICE S S ERIMET EV W) THY ., FRSREEDOY
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TAYA RXERBIEINT AR TES, ZORKRE, L9E<0BEELR
B ESERRICRI VI AT LN TE | YEBIC L A3EREN LV FEV—
ATHEMT 5, Lox L, BERARRREREORBR L OEBNKE WIHA,
FESAOXT B2 RN B O TG & LTHWAZ LA IR &Y
H5,

For example, consider a study with the objective of demonstrating the experimental
device is non-inferior to the control regarding rate of complication. If patients in the
study are more likely to have complications than those in the historical control
studies because they are sicker, for example, indiscriminate use of the historical
control data will bias downward the concurrent control complication rate. This bias
will make it more difficult to demonstrate the experimental device is non-inferior to
the control than if the historical control data were ignored. This phenomenon is less
likely to occur if the historical control data are properly calibrated to the current
study by, for example, adjusting for important covariates.

BRI EHEORARITE L THRIZELRVWI L 2ELT 52
LEBRE LR FICET TERT 22 LiTd 5, FIAITHERE ORI
BALo=), BEREHRARDOEA &V SHEOREREBVVEAICH 55
B BEEHROT —F OEZERN2E I X - TRIEST BB OE RER 4 3
BT BLENINATARRND, ZONRLTAZEY, BEAROT—
Z 2R LI5S L SRBS SRS IRIZE o TV nZ L 2 FEFET
DIEPELIREEL 72D, BREQMEBOTE 2 LT X - THERRO
T — 2 2 REORBRIZHOE CEIICERIETE, ZOBRSENRKET L &
17,

If the prior information for a study is based on many more patients than are to be
enrolled in the study, the prior distribution may be too informative. In this case, the
prior probability that the pivotal study is a success (i.e., demonstrates the proposed
claims) will be excessively high. If the prior probability of a successful study is too
high, it can be lowered in various ways, including:

» modifying or discounting the prior distribution in some way
« increasing the stringency of the decision rule.
b DHROERAES BFEARICBEHRIN L BE LV ZL DBEITESS
LOTHDHHE, FHOMIHERCERERDBEEH D, ZoHE, TR
RV D ERIER (T ROLFF SN TRV FIES N DFER) 1TBE
@< 725, ABREDOFFERPFEFICHVIERIL. UT2altka 2
ETTORRZETSEDIEBTED,
(5O JTHE TEFHMOEIE E12ITEIF 21T 5
RERDHFESEEZBERSED
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Non-informative priors
IEfE R FaT A

Lack of any prior knowledge may be reflected by a non-informative prior
distribution. Usually, it is easy to define maximum and minimum values for the
parameters of interest, and in this case, a possible “non-informative” prior
distribution is a uniform distribution ranging from the minimum to the maximum
value.

FRATAFRO R EITEF R L o TR E NS, BE, BLOHB/45 %
= ORREBLUR/MEOERIBL THY. ZOHE,. Exbhs [
TR FRIOMITR/MEN O REKREE CO—HSHTH 5B,

Non-informative priors are reviewed in Kass & Wasserman (1996). Standard and
related improper priors are explained and used extensively in Box & Tiao (1973).
Reference priors are extensively discussed in Bernardo & Smith (1993).
EFRFRIOATIC OV TidKass & Wasserman (1996) ASHREE L TV 5, 1E#E
K72 RIS R L UBIE S 2 N@E 2 TR OV T, Box & Tiao

(1973) 2 & BBk THERR SNAFIC Tz o THW LI TV S, Reference
prior & BRI B ERT43A6 12DV v CidBernardo & Smith (1993) A EERIZ 37
DEZLTND,

5.6 Borrowing strength from other studies: hierarchical models
5.6 fORRD O OFBANOMER : BEET v

Bayesian hierarchical modeling is a specific methodology you may use to combine
prior results with a current study to obtain estimates of safety and effectiveness
parameters. The name hierarchical model derives from the hierarchy in which
observations and parameters are structured. The Bayesian analyst refers to this
approach as “borrowing strength.” For device trials, strength can be translated into
sample size, and the extent of borrowing depends on how closely results from the
new study reflect the prior experience.
NAXBC L DHEBET Y 7, BEMOREREBIEORBEREFEALT
ZEMR I VEMED T A—F 2 WETDHIDILANDZ L DTE B4
BFETHD, MEBETV] EWHATNL, BEFERLUIT A—4
DORBEITRIT DHEBUHNLIRELIZ LD TH D, A X TCIRZ OFEL
MBS DOfEA (borrowing strength) | LFRL TV 5, ERBEIROMEKRASH
T, BB Gtrength) 139 > 7AYo Xizisi s, SR OREIIH 272
HEROFERD EORERE ICHFIMRE B L T AN k> TERS,

If results are very similar, the current study can borrow great strength. As current
results vary from the previous information, the current study borrows less and less.
Very different results borrow no strength at all, or even potentially “borrow
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negatively”. In a regulatory setting, hierarchical models can be very appealing:
They reward having good prior information on device performance by lessening the
burden in demonstrating safety and effectiveness. At the same time, the approach
protects against over-reliance on previous studies that turn out to be overly
optimistic for the pivotal study parameter.

FERVEFCHEU LTI 56, REOCRBRIIRERUEHEERTLIZ L
BTED, BEOHRBROBRSFAMR L RiohiE, REORRBIEAT S
WENID T2 725, BRPRELS ERDBEITIL, BT E o EM
ENpV TEERCHER] ShaTREIS 2 b D, HBIREICBWTH
BETMIFFFTHNINTH D, Zhid, BEBET L THEHRTEEBIUER
PEDEFETRIT DREHBINZ L AL, T Lo THERROMREIZEET 5 BIiF
FHAMAEONDIHTH D, AR, BEEZ LV OERICLY ., ERBR
DIRT A=FZOWTIBECEBTH D LHA L2 @E0RBRICET S
WRLEREZRT DT ENTE S,

An example hierarchical model
FEfEE 7 Dfl
Suppose you want to combine information from a treatment registry of an approved
device with results from a new study. You may decide to use two hierarchical
levels: the patient level and the study level.

REH DA DIRFLE D LB ONTEREF =2 ROBRERET
LHEILDVWTEET D, ZOHRE, BEV-ABIURRL L LN )2
DDOMEBLNLVOERREZ b5,

The first (patient) level of the hierarchy assumes that (1) within the current study,
patients are exchangeable; and (2) within the registry, patients are exchangeable.
Registry patients are not, however, exchangeable with patients in the current study,
so patient data from the registry and the current study may not be simply pooled.
12HOREE LV~ (BF) T, (1) RECKBRICB W TRENIIHR T
Thd, Q) HEERIIBWTRENZRTETHD, LIRETD, Li
L. GRREDOBEITREOHBROBE L ZBTHZ LITTERVWEED, &
AR L BIEORBRP OB oM BE T —FIIBRII— 52 L3 TE
720N,

The second (study) level of the hierarchy applies a model that assumes the success
probabilities from the registry and the current study are exchangeable, but the rates
may differ (e.g., they may depend on covariates). This assumption is prudent any
time you are not sure if patients from the prior experience (i.e., the registry) are
directly exchangeable with the patients from the current study. However, the two
success probabilities are related in that they are assumed exchangeable. As a result,
the registry provides some information about the success probability in the curent
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study, although not as much information as if the patients in the two groups were

directly poolable.

20D ORERE L~ (B T, JRERED BB ORISR & BED
RBRD DG DN RIIFEEN AR TH D LIRETDET AV EEAT D
B, INDOOMRIZIENHD (Bl £EEICIVERD) . ZORER,
BEORE (T2ROLIBEIER) ORENREOCRROEE L EHEZZH R
THLIPEIPAATHLHBICHERTH D, Ll D2 ODFEHE
I, TROBRTRATRRERESINTND E W) ACHENERH D, Z07k
D, 2ODHDBENEET NV TEIHRELL DERTIIRWVITE X,
IBRRECEN O BIEORBRORIFERIC OV T b nDFEREBL Z LT
& D,

Similarity of previous studies to current study
EEOHER & REDORER & DEUE
The key clinical question in using hierarchical modeling to borrow strength from

previous studies 1s whether the previous studies are sufficiently similar to the
current study in covariates such as:

» devices used

* objectives

« endpoints

» protocol

» patient population

* sites

* physician training

* patient management

« time frame.

BEORBRNLHBHEAEATIZOORBET Y 7 OFERICBWTE
ERRKFHREIL. BEORRVPUTORERIZBWTHREORR L +4
LR DMDE I D TH D,

o T AR

o HHY

o T RARA ¥ b
o RERFENGEEHE
o BAEREMH
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o HABREAM

Statistical adjustments for certain differences in covariates such as demographic and
prognostic variables may be appropriate, using patient-level data. Generally, proper
calibration of your study depends on using the same covariate information at the
patient level as in previous studies.
ARFEHFENEZCTRICET 2R CORERBITBIT 5 —EDERD
METFRIREIL, BE LNV DOT—F2ANWTEDIIT) ZenTED, —
fric, REROBEEZ2EIEL, BEORRL FHROBE VN DLEEFRD
ERICEA SIS,

Calibration based only on covariate summaries (such as from the literature) may be
inadequate because the relationship of the covariate level to the outcome can be
determined in the current study but not in the previous studies. This forces the
untestable assumption that covariate effects in your study and previous studies are
the same; that is, that study and covariate effects do not interact.

KEBOWE (BF M2 L) OINTEDWICEIEITET TR, ZThid,
HEED VAL EIRIE & OBRAMBEORER T3 S BEDRBUT BN T
WREMTOND72DTHD, THIZL->T, BHIEOHRB L UBEDOHRIZ
B HEEEBOFBIRLTHD, 2EV, BRLELEOHELITHERE
ALV &S BREA T REZRMEE DS SREANCE L 5,

When you use more than one study as prior information in a hierarchical model, the
prior distribution can be very informative. As discussed previously, if the prior
probability of a successful trial is too high, we recommend the study design and
analysis plan be modified.

BT VBV TEROEGIMMEL AV 35S, FeomiddEgicai s
RVER, R0 LBV, RBRASIOFERHERENEEICEVRERRART Y
AV BIUMATETEICEEZMZ 5 = L 24iE4 5,

You may also use hierarchical models to combine data across centers in a
multi-center trial. For an example, see the Summary of Safety and Effectiveness for
PMA P980048, BAK/Cervical Interbody Fusion System by Sulzer Spine-Tech.s
LHBRERRBIC BV TERBOT — 4 28T 20IBBET L&/
B EHTED, & LTid, PMA P980048 Sulzer Spine-Tech#{BAK/Cervical
Interbody Fusion System D Z2M43 X OEZIEIZEI T 2% (Summary of
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Safety and Effectiveness for PMA P980048, BAK/Cervical Interbody Fusion
System by Sulzer Spine-Tech) #ZRHZ &, ©

Outcomes for devices can vary substantially by site due to such differences as:
« physician training
» technique
» experience with the device
* patient management
» patient population.
BROBRBPHRIIFERERER L > TRELERIBAEND D, ThidlE
RICL->TUTO LI REEBH DO TH D,
. =R O FIFREE
Bt
Gt
BEOEH
BEREH

A hierarchical model on centers assumes that the parameters of interest vary from
center to center but are related via exchangeability. This kind of model adjusts for
center-to-center variability when estimating parameters across studies.
HRBREEERORBET LTI, BLOH D587 A —F i3RI L > TR
1250, ZMFTEEEICR W CEESELRH 5 LIRET D, T ) LIZET /MK
> TRBREDONT A—=F 2 HET ORI, BRMADOEI S -ENREIND,

Non-technical discussion of hierarchical models and technical details on their
implementation appear in Gelman et al. (2004). Other, more complex approaches
are described in Ibrahim & Chen (2000) and Dey et al., 1998.
P E 7 L OIEFHTHIERE XL OO EHICE T 5 TR IZGelman et al.
(2004) B BDOZ L, TOM, Y EHEZRFIEIZ D0 Tidlbrahim & Chen (2000)
B UDeyetal (1998) #BHoOZ &,

:\v“nvjdagowbdﬂvbdﬂb980048hpd£
www.fda. gov/cdrh/pdf/p980048b.pdf.
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5.7 Determining the sample size
57 BT NPA XORGE
The sample size in a clinical trial depends on:
» prior information
» mathematical model used in analysis
« distributions of parameters in the analytic model
» specific decision criteria

« variability of the sample.
FERRERER DY o T A KT, UTFTORZ L~ TEAR S,
: HHIENH
MRV b A EFRET NV
HRATE T TR B /3T A —F 57
HETE DR FEEVE
VAV DY e Y-

If the population of patients is highly variable, the sample size increases. If there is
no variability (i.e., everyone in the population has the same value for the
measurement of interest), a single observation is sufficient. The purpose of sizing a
trial is to gather enough information to make a decision while not wasting resources
or putting patients at unnecessary risk.
BEEFOIEODENFFIIREVGE, V74 X3fEREhd,
LOERRVWEE (TROLUFEROBELE THLOH ZBAEFEDE
DBRICHE) 13 120BEEZITATTDTH D, BKRRBROY - TAPA
RPRFEO BEYL, FRRE R LoV BEFICRERY A7 2A8bELVE
T, THREREPELREZITOIZ L TH D,

In traditional frequentist clinical trial design, the sample size is determined in
advance. Instead of specifying a particular sample size, the Bayesian approach (and
some modern frequentist methods) may specify a particular criterion to stop the trial.
Appropriate stopping criteria may be based on a specific amount of information
about the parameter (e.g., a sufficiently narrow credible interval, defined in Section
6: Analyzing a Bayesian Clinical Trial) or an appropriately high probability for a
pre-specified hypothesis.

WS DB R ERRBR T VA Tk, 7 A A ZIdFEFICRE S
Do A R (BLU—EOEFHOBEROFE) T, Ax 0¥ Ty
A RERETHROVIC, BREPLETOEODBFEDOEELRETH I &
NTE D, HERRRPIEEEINRT A—ZICETHEEDER B : 6
A xR AOCTZBERRROFIT TER SN 5 0 RGCERKE) £/
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EANCHE LIRRICET D +0@m WERIZESWTIRETE 5,

At any point before or during a Bayesian clinical trial, you can obtain the posterior
distribution for the sample size. Therefore, at any point in the trial, you can compute
the expected additional number of observations needed to meet the stopping
criterion. In other words, the sample size distribution is continuously updated as the
trial goes on. Because the sample size is not explicitly part of the stopping criterion,
the trial can be ended at the precise point where enough information has been
gathered to answer the important questions.

N REEAWEERRBOERWNEIIEETO S OBFATYH, v
YA XOEFEEDHEBDLIENTED, LizhoT, REBRIIBITAH AR
T, RBRPEEEL B TORMLERBRFEOTHEMRZEH T3 &
NTEDL, BEWRZ B L, T TN A XDOSFITREROEITIZHE - Tk
BNCEH SN D, Y73 A X3RRGSO BEFE 2 —E Cidenizd,
HBRIEEREMIC T AEIZEZ2E D DIH07 2 FERNIE SNHET
BT3BHZL08TESD,

Special considerations when sizing a Bayesian trial

AR RFEZ X BRBROY TN A AR ERFOEEFE

When sizing a Bayesian trial, FDA recommends you decide in advance on the
minimum sample size according to safety and effectiveness endpoints because
safety endpoints may lead to a larger sample size. FDA also recommends you
include a minimum level of information from the current trial to enable verification
of model assumptions and appropriateness of prior information used. This practice
also enables the clinical community to gain experience with the device.

A KB L BRBROY T Y A KRERIZIE, FDAIXERNICZ MR X
UHIMED= RRA v M- T, /AINRBOT A ZE2RELTE
LT EEFHRELTWD, Zhid, 0Ty FRA Y MZX o T
PA ZBRERENDZ LB H DD TH D, £, FDATIE, EF/MHRED
MREE &R D FRIABMOBYMEDORERENFIREL 72D L 5 | BFT DR D
BONTEB/NRDO VS VOBREBE VAL EHHEL T D, ZOFETIC
LY. BROBTIIEHEOEAZTELEMSEDL LB TED,

When hierarchical models are used, we recommend you provide a minimum sample
size for determining the amount of information that will be “borrowed” from other
studies.

MEET VEERT2HEIE. MORBND [ER] T5ERELZRETD
e, BAROV TNV A ZHRRT H T & 2HRET D,
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We recommend the maximum sample size be defined according to economical,
ethical, and regulatory considerations.

BRBOV 7MY A Xt BF. HE. BIUHREE COBRTHIEI>TE
OB L EHETS,

Various approaches to sizing a Bayesian trial are described in Inoue et al. (2005),

Katsis & Toman (1999), Rubin & Stern (1998), Lindley (1997), and Joseph et al.

(1995a,b).

A ZEZ L DRROY o TNH A TREDIZ D D LR TR OV T,

Inoue et al. (2005) . Katsis & Toman (1999) . Rubin & Stern (1998) . Lindley
(1997) B UJosephetal. (1995ab) #BHDZ &,

5.8 Assessing the operating characteristics of a Bayesian design
5.8 A REIC & HART I A o OYEREREN

Because of the inherent flexibility in the design of a Bayesian clinical trial, a
thorough evaluation of the operating characteristics should be part of the trial design.
This includes evaluation of:

» probability of erroneously approving an ineffective or unsafe device (type 1
€ITor)

« probability of erroneously disapproving a safe and effective device (type 11
€ITOT)

» power (the converse of type Il 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.
A more thorough discussion appears in the Appendix.
A RIEERWEBERRRT VA VCIXER OFHMENRD 572D, TOMHRE
OMEAFHEARRT A L O—EE 2D, ZHUTLLTOFMERE £h 5,
o AR L UEEMICRIT DHEERR - THRGR DRER (IO
1EER)
o BREDOFHLHERER - TR LRVEER (B2EDIER)
o B (F2EDBRORK, TRbLEEP OFLEE 2 EY)
1A HRER)
o VUTNHA XD (BIOTFRISN DY T4 X)
o HERICET 5 EROFHMER
o UGS, FTHMAETCRREZTILT DR
X VBB BRI DWW TILAHES R,
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6. Analyzing a Bayesian Clinical Trial

6. XA Xk % AW TZERIRREBR OfFEYT
6.1 Summaries of the posterior distribution
6.1 HHESMOE LD

The results, conclusions, and interpretation of a Bayesian analysis all rely on the
posterior distribution, which contains all information from the prior distribution,
combined with the results from the trial via the likelihood. Consequently, results

and conclusions for a Bayesian trial are based only on the posterior distribution.
FDA recommends you summarize the posterior distribution with a few numbers
(e.g., posterior mean and standard deviation), especially when there are numerous
endpoints to consider. FDA also recommends you include graphic representations
of the appropriate distributions.

A ZFHTOFER . FEim. BL ORI TR TERSMTEFELTND, F
BOFITFHDOMP OB LN T A TOFRPIEEND S, TNLITLE
KXo TRBER LBV bR TND, Z0kd), o XiEEBVIZRER
DRERB L OEBITERSMICOHZRESNTN S, FDATHE, ZEETR&=
¥ RABA 2 MBS ED DBEIT, WS OnOEE (B FEREHB IV
BEERE) AW THEROMEZELDDI LR LTS, £/, FDAT
3, BYARSARERT I EBHEL TS,

6.2 Hypothesis testing
6.2 {RAIRAE

Statistical inference may include hypothesis testing or interval estimation, or both.
FDA often bases approval on demonstrating claims via hypothesis tests. For
Bayesian hypothesis testing, you may use the posterior distribution to calculate the
probability that a particular hypothesis, either null or alternative, is true, given the
observed data.

FEETFRUMERRI I (R E I KRR, b LI TomEREEN D,
FDATIE LI LI EIC X > TERZRER T 5 Z LIT L VEREIT D,
A B LD EFBRETIE, FRIMEANT, BT —F 2 b LITHE
DR R E X AER) BELWLOTHD LW OIRERZENT
HTELWTED,
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Although probabilities of type [ and II errors are frequentist notions, and not
formally part of Bayesian hypothesis testing, Bayesian hypothesis tests often enjoy
good frequentist properties. FDA recommends you provide the type I and II error
rates of your proposed hypothesis test.

IR L UFEEOBBROMERIIMERAVIEE TH Y | EUSEAA X
K BARFARTE D—EBTIHR VDS, ~A KA L D IRBMRE TiL BT EER
RN BILD T LBV, FDAL, R ¥ D IREREIC OV THEITEER
FJUOEEOBRBOREREZTT I L 2HE LT D,

6.3 Interval estimation

6.3 XEHEE

Bayesian interval estimates are based on the posterior distribution and are called
credible intervals. If the posterior probability that an endpoint lies in an interval is
0.95, then this interval is called a 95 percent credible interval.

AN IEIZ L D EEHEERFELOMAICE SV UThh A0, ZREXEAKHE
RN D, =2 RRA 2 b3 H HREICALET D & ) FRMERDN0.95T
bome. TORKRMESKERARMEV I,

For construction of credible intervals, see Chen & Shao (1999) and Irony (1992).

Other types of Bayesian statistical intervals include highest posterior density (HPD)

intervals (Lee, 1997) and central posterior intervals.

E KM OFRET DV TIEL, Chen & Shao (1999) 3 L UlTrony (1992) &R,

TOMDSA IFEOFERRRM & LT mBREE (HPD) [ AXHE (Lee
(1997) ) BIUOFLEREEFEREKMAS D,

6.4 Predictive probabilities

6.4 Ry

You may use predictive probabilities, a special type of posterior probabilities, in a

number of ways:

?@%m%&&gﬁﬁﬁfhb\uT@iiﬁ%&ﬁﬁ&T%w5:&ﬁ?
D,

Deciding when to stop a trial
AR L RFHORE

If it is part of the clinical trial plan, you may use a predictive probability at an
interim point as the rule for stopping your trial. If the predictive probability that the
trial will be successful is sufficiently high (based on results thus far), you may be
able to stop the trial and declare success. If the predictive probability that the trial
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will be successful is small, you may stop the trial for futility and cut losses.
RRTFIEFHORELERARHEO—H TH25HE. THAOMHTERE
RERAPIEEEL LTAVWDZ ENRTE D, BRBEIIT D &) iR+
SiZEy (ENETORRIZES) Ha. SRR L, BRBRlsh e
TR ENTED, BBRBEDT D &0 I BFRPMING ST, BREHEBRID
RS THLDPIEL, BREHBETDZENTED,

Exchangeability is a key issue here: these predictions are reasonable only if you can
assume the patients who have not been observed are exchangeable with the patients
who have. This assumption is difficult to formally evaluate but may be more
credible in some instances (e.g., administrative censoring) than others (e.g., high
patient drop-out).

TSRS ERERRA v b e ed, T LEIREESh T
BRWBENBESN TS BE LZBRAETHD LEETE HBRITHS
Thbd, ZORET. ERCFHMET 2 LIiFEEL VS, —Eof] (BEITS
10 728) BV EOMOF (FHWEERER) IVERTEILLL
iz,

Predicting outcomes for future patients
SHOBECET DWBOAEE

You may also calculate the predictive probability of the outcome of a future patient,
given the observed outcomes of the patients in a clinical trial, provided the current
patient is exchangeable with the patients in the trial. In fact, that probability answers
the following questions:

= Given the results of the clinical trial, what is the probability that a new
patient receiving the experimental treatment will be successful?

» What would that probability be if the patient were treated in the control
group?
b HEERARBROWERE & BIRFIRELZEBENRNEE . TOBRKARTHE
ENEBREORRED LIS ZOBEDRFOWTREENTIZLLT
&5, EBIT, TO L) BRI > TUTORICK T 2EEEZRTZ L3
T& 5,
FEERRBR OFE RIZE Do, Fz 72 BE ORI B DR
BE 2 SHREICRBW TR LB IR A T D RER

After device approval, these probabilities could be very useful in helping
physicians and patients make decisions regarding treatment options.
BEBBOER%, T 0 LIRIIEMB LUOBEPBRERTEC SOV TRET S
BRCIERICHA L 2%,

44



Predicting (imputing) missing data

KEMEDOHERE ()

You may use predictive probabilities to predict (or impute) missing data, and trial
results can be adjusted accordingly. There are also frequentist methods for missing
data imputation.

B R A O CRBHEDHERE (£ 7013480 2475 = L4 T& . ZThITH-
TREBEFEREMET D Z L0 TE 5, REMEOHEIZITHEROFEE AV
HTLEHLTED,

Regardless of the method, the adjustment depends on the assumption that patients
with missing outcomes follow the same statistical model as patients with observed
outcomes. This means the missing patients are exchangeable with the non-missing
patients, or that data are missing at random. If this assumption is questionable, FDA
recommends you conduct a sensitivity analysis using the prediction model. For
examples of missing data adjustments and sensitivity analysis, see the Summary and
Safety Effectiveness for PMA P980048, BAK/Cervical Interbody Fusion System,
by Sulzer Spine-Tech.7

AVBAFEE»PD LT, BEIRRTACERENRFOBESNILEBEL
[ USRI ET MCHED LW RECEA ST D, Thid, BRTFHOR
FREROBRINBE LRI THD 2 &, HDWITERET —F 03 E
EBIZRBL TS I L2EBHT 5, JORECHESS D% E. FDATIE
HEETT & AVTORERMAT O FEE 2 HLE L T 5, REMEOMIER LUK
EERRATF DFNT DV TiE, PMA P980048 Sulzer Spine-Tech#BAK/Cervical
Interbody Fusion System D &2 43 L OEZMEICEE 9 52 (Summary and
Safety Effectiveness for PMA P980048, BAK/Cervical Interbody Fusion System by
Sulzer Spine-Tech) #ZBHZ &, 7

; www.fda.gov/cdrh/pdf/p980048b.pdf.
www.fda. gov/cdrh/pdf/p980048b.pdf.
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Predicting a clinical outcome from a surrogate
A (surrogate) 2> 5 DEERERIFOHEE
If patients have two different measurements at earlier and later follow-up visits, you

may make predictions for the later follow-up visit (even before the follow-up time
has elapsed). Basing predictions on measures at the earlier visit requires that:

« some patients have results from both follow-up visits

» there is sufficiently high correlation between the early and the later
measurement.

BEICHHIE BIOT v —7 v T REREF T2 oD R HENBE ENTH
A, (Taun—T7 o 7HMEZBESHTY) BT v -7 v TEEIT OV
THET D ENTED, A7+ —7 v 7K OREEICE S HE
WL T OFRHBBEL ShD,
o —HDOBETOWTHIHL, BEOWT + 1 —7 v 7R ORERHN
HHT L
o BTEAR X OB EEORIC-Fo®mWHEEERH 5 Z &

In this example, the outcome at the first time point is being used as a surrogate for
the outcome at the second. This type of prediction was used to justify stopping the
clinical trial of the INTERFIX Intervertebral Body Fusion Device.s

ZOBITIE, BFORROEFS2EBORADERONRME LTANLN
TW5, ZOFEOHEEIZINTERFIX Intervertebral Body Fusion Device D &R
BRrh (R DRI AR DIV bz,

The surrogate may also be a different outcome; for example, for breast implants,
rupture may be predictive of an adverse health outcome later.

REAEL L THOWONRD OVBBIOEFOHE L H D, PIZITEMFROBE.
P LRBELOTFRARPHEETE D,

Surrogate endpoints for predictive distributions should be validated. However,
validation of a surrogate endpoint is a complex scientific and statistical issue that is
outside the scope of this document.

FRSAOMRAT Y RRA » MEOWTIREORYEZRIET NETH D,
LorL, fRAT Y RRA VP OZSERTET, KO OBEMHLBE
B - BEETFHBEIETH D,

: See Summary of Safety and Effectiveness for PMA P970015 at
www.fda. gov/cdrh/pdf/p970015b.pdf.

¥ See PMA P970015DE &3 & UHAIEICES ¥ S
(www.fda.gov/edrh/pdf/p970015b.pdf.) BRE
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Model checking

T7VRAE

FDA recommends you verify all assumptions important to your analysis. For
example, an analysis of a contraceptive device might assume the monthly pregnancy
rate is constant across the first year of use. To assess this assumption, the observed
month-specific rates may be compared to their predictive distribution. You may
summarize this comparison using a Bayesian p-value. For more information, refer
to Gelman et al. (1996; 2004).

FDATCIL, MATICEEL TR TORELEIET 5 Z L 2R L TS, flX
TORHESS B OfENTCIT, A BHRRIIBREFEROSRHDIFELBELT—ET
HBHERESND, TOREEZFHET 523, BESHEROHIREZT
DOFHS5A & BT 5, ZOHBRFERIIASA XEOpEEZRANTELDDH T
LINTE D, BEMZOWTidGelmanetal. (1996, 2004) #ZWOZ &,

You may also assess model checking and fit by Bayesian deviance measures as
described in Spiegelhalter et al. (2002). Any predictive analysis assumes that
patients for whom outcomes are being predicted are exchangeable with patients on
whom the prediction is based. This assumption may not be valid in some cases. For
example, patients enrolled later in a trial may have a different success rate with the
device than those enrolled earlier ift

- physicians have to overcome a learning curve in using the device

- physicians form an opinion on whom the device treats best, and then
enroll more or less favorable patients in the trial

- an effective adjunctive therapy becomes available to the patients in the
trial

- an alternative treatment becomes available during the course of the trial,
altering the characteristics of the patients who choose to enroll in the trial.

Spiegelhalter et al. (2002) 23R TCVW D L 1L, A REORBEREIC X
STEFVRIER L OEEEOTIEZIT > 2 &b TE D, ED L HaTHIfE
WTH, BIFEHESNDBEITITOHEDORILL 2> TWDHEBE L ITHRF]
HEThdLRESND, TORETAEDTIERWEELH D, BIZE, KO
X e, ABRBY TRESINBEOBKBEMAKDIRIT, ABRITHEICE
GIN-BELITRRDEENRD D,

o EMSYEEBOERFTELESTOLENDHDHE

o POBENUZHBIILDIBRICEL TS0 EMMATMEL., B
RBEIZTEELVWBRELZHRRIIRET 25
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o RBEEPICHRERROBINNBAREL 20 | BBRBEZER LB
EOBENEDDHE

6.5 Interim analyses

6.5 TREfET

There is more than one method for analyzing interim results in a Bayesian trial.
FDA recommends you specify the method in the trial design and ensure FDA agrees
in advance of the trial. FDA may ask you to calculate the probability of a type I
error through simulations before accepting a method. Although this is a frequentist
calculation, it can help in evaluating the application of a method to a trial.

A RE % AT RRRRBR OFE RO P RIFATICIIER DTG ER H D, FDAT
11, BRT VA o CEOFEEZHRL, RBRANCFDADEEZED Z Lo
L TCND, FDATIE, HETEOERINICY I 2 b—a VCE>TEH
TOBEOTT A FIHT 5 & 5 KD B2 L hihB, ZILBERREE
ThH B, BRSO HEOBALZTET 2DITRISEEZbND,

The following describes three specific Bayesian interim analysis methods:

A B K B350 BARR 2 P RIETIE Z LTI,

Applying posterior probability
HHRMEROEM
One method stops the trial early if the posterior probability of a hypothesis at the

interim look is large enough. In other words, the same Bayesian hypothesis test is
repeated during the course of the trial.

FRMEHTRE O B IR OEREERTHCHE VSRR, 1 oOFETARER
BCHIET 5, T, RBREGPICE A XREREEZREY BT,

Applying predictive distribution

TS AT O

Another method calculates at interim stages the probability that the hypothesis test
will be successful. This method uses the Bayesian predictive distribution for
patients yet to be measured. If the predictive probability of success is sufficiently
high, the trial may stop early. If the predictive probability is very low, the trial may
stop early for futility. This method was used in the submission of the INTERFIX
Intervertebral Body Fusion Device.s



{RRRIRTE DSECED T DRESE % B D F Ik T RETRRIC R B9 5, ZOHFIETIE
FITRE SN TORVBE DN TAA XFRGTE AN D, BEIORFE
BHSTENESIIE. RBRIZERICPIETE D, WHRENERITRVES
I, RBRITERCTHL D RIICFILTE D5, T OFEIZINTERFIX
Intervertebral Body Fusion Device® BEERFIZ AV BTz, °

Applying formal decision analysis
ERpBEERESTOEA
A decision analysis method considers the cost of decision errors and

experimentation in deciding whether to stop early. Carlin, Kadane, & Gelfand
(1998) propose a method to approximate a decision analysis approach.

BRRESTETE., BRE2BHICHIETINE > OREIIBNT, BER
REBEBLUERICIIZERE®EET 5, Calin, Kadane, & Gelfand
(1998) 1FEBRESHIEIBZ FHEEZEREL TWD,

9
See the Summary of Safety and Effectiveness for PMA P970015 at
Igrlttp Jiwww.fda.gov/edrh/pdf/p970015b.pdf).
PMA P970015 Z&MHRIOEEICET HHE
(hitp://www.fda. gov/cdrh/pdf/p970015b.pdf) ZHR
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