7. Post-Market Surveillance

7. WREHE

FDA believes the Bayesian approach is well suited for surveillance purposes. The key
concept: “Today’s posterior is tomorrow’s prior” allows you to use the posterior
distribution from a pre-market study to serve as a prior distribution for surveillance
purposes, to the extent that data from the clinical study reflect how the device is used after
approval. In other words, you may readily update information provided by a pre-market
clinical trial with post-market data via Bayes’ theorem if you can justify exchangeability
between pre- and post-market data. You may continue to update post-market information
via Bayes’ theorem as more data are gathered. You may also use Bayesian models to mine
large databases of post-market medical reports.

FDAD RIETIE, ~A XBEIFEEMNIZHSE L TWD, S EOFESSHITHAE
OFFISA) & D EEBEIC XY . FIRATRR TR D B RO & TR R
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FIREME & HAE T E AT, A XOFBUCHE > THRAIOBRFRARTHE L R E
TRET —F CELICEST DI LB TE 5, T —FBRESN SN
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R REF B THRBERREDWR T — 2 _X— 2 2Bl T52 L5 T
ERAN

DuMouchel (1999) discusses Bayesian models for analyzing a very large frequency table
that cross-classifies adverse events by type of drug used. DuMouchel uses a hierarchical
model to smooth estimates of relative frequencies of adverse events associated with drugs
to reduce the number of falsely significant associations. It is unclear at this time if this
approach is as useful for medical device reports as it is with drug reports.

DuMouchel (1999) &, S EHOFERIC L > THEFREZRXRENET B
BRI DIRR DI O DA ZEF IOV TEZE LTV 5, DuMouchel
EEBET LA AW TERICEE T 2B EFROMIHNEEOHEE 2 Bl L, &
BIHEBEREEEOEEED SETWD, IOFENEANCEYT HHE LR, E
PR ET AMETHLREANE I 2, BERATHAATH S,
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9. Appendix

9. {6
9.1 Suggested Information to Submit to FDA
9.1 FDAIZIRH T~ & {F®

In addition to the standard clinical trial protocol, FDA believes there are statistical
issues unique to Bayesian trial designs requiring additional information in your
submission. The following suggestions (not an exhaustive listing) will facilitate a
smoother review process and serve as a starting point when writing your protocol. Not
all points apply to all studies.

FDA CITAEHEIRBREMEEEICM 2, A XEE AW BRI ORE
EMRIEEIC B L CBIMERORHAINE TH D LBLTND, UTORE (F
RCRBEHINTHWA DT TR KLV RETT 208 L0 ARICER,
IBBREMSIEEERFOHRALRENS LBbND, iEL, $NTORE
HIENR TR CORBRICEA S NS DT TR,

Prior information
FD A recommends you indicate all prior information you will use, including:

- relevant studies

« expert opinions

« assumptions.
FDATIE, UTE&ED. Anbnd T TOEMMHEHATT I L&
HRI D,

e % WUk

HEMROER
{RER,

Criterion for success

EREh L HE
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FD A recommends you provide a criterion for success of your study (related to
safety and effectiveness).

FDATIE. (&M IUEEICEET D) RBROMIEELZIETRT
HIEEMIETS,

Method for choosing sample size
o TN A XOBIR TR

FDA also recommends you state your method for choosing a sample size. To
assist in choosing an appropriate sample size for the trial, you may simulate data
assuming a range of different true parameter values and different sample sizes.
For each simulated data set, we recommend you determine the posterior
distribution of the parameter. This posterior distribution is used in calculating
the posterior probability of the study claim for the chosen sample size and true
parameter value.

FDAIL, H > PNH A ZOBIRFEZ OV THIIRT 5 L HHERL T
B, REICEGIRY Y I, XOBIREAT S e, $Rx BREDNRT A
—ZBLUOY PN A RBRE LT — DY I 2 b—a v EITD
TEMTED, YIal—YarEToltET —ZIT o0 TE /AT A
—Z DEEBHETT 2L BHRT 5, ZOBEROMITRRESNIY
I A ZBIOEDAT A —F BT 5RBROEROFEEEROHEH
EMR SN D,

Frequentist power tables
HEERREOR IR

FDA recommends you provide frequentist power tables of the probability of
satisfying the study claim, given various “true” parameter values (e.g., event
rates) and various sample sizes for the new trial. This table provides
probabilities of observing data that allow the study claim to be met, given the
indicated true parameter value. This table will also provide an estimate of the
type I error rate in the case where the true parameter values are consistent with
the null hypothesis.

FDATIE, ¥R~ 72 TED) NFA—F il FEESR
RAEE) BIOW I A b &2 L, RROERZMICTHESR
DIEERIBRENROEREHR L T3, ZOMREIRE, REhic
HDRG A= ZESOTRROEREWH LTI LOTE DT —F 08
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BEIXNAEEELTT, . ZORICE->T, BEONT A—FBIRER
BL—BL TV BEOEIEDOBBROMELIEET D L HTE D,

For example, for an adverse event rate, you can generate power tables by:
» choosing a true adverse event rate

« choosing a sample size, and finding the largest count of events that
satisfies the study claim

- calculating the probability of observing a count less than or equal to
this largest count (e.g., assuming a binomial distribution with the true
event rate).

BlziE, BEESORERTIE, UTOLIC U THREAREERTS
TENTE D,

s ENAERZHREREZERT S

o FINYA XEBRL, RROEREH TR OBHOSZN
FEFERZRET

. LRORVEROSVEEFROMK L RAUrThE FESH
EHEGIEESNOMRLAMT S (B : ROUEFSHER
Bb & I TESREHET D)

This probability is the power of the criterion for the chosen sample size and true
event rate.

T ORERIRIRINET L TIAYA B L UCEDEEERBAERIIET
ABEHEDOHREHETRTHOTH D,

If the study design is complex it may be necessary to use simulation to compute
power. Some suggestions on simulation are outlined in Appendix 9.4:
Simulations to Obtain Operating Characteristics.

REATPA VUNEMARES, Yz b—varEAVWTRBEAZERT
AENBENHLEANRD D, Izl —a MIBETBEHEREO—FIL
F439.4 HERERERR D720 D Y I 2 b—3 a3 U THRNT D,

Interim looks (monitoring)
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fRFEE (=2 U v 7)

If your design contains interim looks (monitoring), we recommend you also
simulate those.

HEAT YA ICPRERE (£=F V) BREENDIHEEIE. TOFR
FED I 2 b—a b7 T EHERTD,

Predictive probability

HorhsE

FDA recommends you evaluate the prior predictive probability of your study
claim. This is the predictive probability of the study claim prior to seeing any
new data, and it should not be too high. In particular, we recommend the prior
predictive probability not be as high as the simulated posterior probability of the
claim identified in the sample size section above.

FDATIE, RROTEOEMWFEDFTMEHIE L TVD, ThFHT
15— RRHERT HHORROEEOHNTETHY, ®TERNLIKL
TEHEMNERD A, Bo, BEPRZEREY IS DT a3
TRENEYV I 2 Lb—Y g VELORBROEBROELHERIZLEEH 2D
RN EBREELL,

FD A makes this recommendation to ensure the prior information does not
overwhelm the current data, potentially creating a situation where unfavorable
results from the proposed study get masked by favorable prior results. In an
evaluation of the prior probability of the claim, FDA will balance the
informativeness of the prior against the gain in efficiency from using prior
information as opposed to using noninformative priors.

FDAMR Z N EH#EERT 5 DiF, EAAHRABTUEDT —F ZEBL, RS
NERRTELNZHE L ROVRERSFE LOFRIABILE > T3 A
FUTEND EVIRERBELRNLIXTEEDTHS, HROE
EOEFTRESRIMICBV T, FDAREFRENOME AV TS 6 &3t
RENC, EATAEE AV B ORED EH TEATHEROF LML TR
5,

To calculate this prior probability, you can simulate data using only the prior
information. For example, if you are using a computer program that performs
Markov Chain Monte Carlo (MCMC) simulation, you can leave blank the slot
where you normally insert current data and have the program simulate these
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values instead. Simulations done in this manner provide the prior probability of
the study claim.

I OEAERAFET A0, FRAHOZEANTT IOV Ia
L—a v &ITH ZENTE D, FIE, < va7@EEEr7hrnm
(MCMC) ETY R alb—arvgE{idarta—F7urs 7 sxH0
TWABEES, BEEAREOCT —F2BATIREZEMIL T, R VI
ERAS A T U FATYIalb—va TRl ENTES, ZTOLD
LTy ab—Yavic iy, RROTEROEAFHERELEDL D
EWTE D,

The prior predictive probability of the study claim can be altered by inflating or
deflating the variance between studies. Inflating the variance by modifying the
parameters of its prior distribution might be difficult if there are few studies,
resulting in an unstable variance estimate. FDA recommends first fixing the
parameters of the prior distribution, and then experimenting with adding a
constant to the study variance until the prior predictive probability of the claim
is relatively low.

RKBROEFEOFFHPRIT, RBRFEOSEEILRES L3NS E5 D
LIk oTEZD ZLRNTED, RPOENDRL, HSBOEENFE
T >TLE HBAITIE, FRIDMADONRIA—FZEZDHILIL-
THBEIET S Z L ITE#ETH S, FDATI, T HFMDMDO/IT A
— X ZFEELTHE, RBROFEOEFAFRIPILERIES 2D ET,
REROSBIZERZMA THDZ L ZHRLTND,
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Program code

ur 7 ha—F

FDA recommends you submit the electronic program code you use to conduct
simulations and any prior data with the IDE submission. We also recommend
you include an electronic copy of the data from the study and the computer code
used in the analysis with the PMA submission.

FDATIE, ¥ 22 b—vaOERBIZAVWSGEFT ST ha—FBL
VEHRTT — % ZIDERFERICHFE TIRIET 2 Z L 2R L T0D, Fk,
RROEF 2 U —BLUMMCER SN2 2 —F a— FLPMAH
ERICIEHT A Z L ERHEE LTS,

Additional items
BINEIR

A useful summary that can be computed for any simulations using posterior
variance information is the effective sample size in the new trial. That is,

ERSWAE RNV al—YarDEDICERTIZLDTED
BRLERIT. FARRICBT AMRNRY VTN A A TH D, T
bbb,
Effective sample size (ESS) is given by:
ESS=n*V /V,
1 2
Where n = the sample size in the new trial

V‘ = the variance of the parameter of interest without borrowing

V2 = the variance of the parameter of interest with borrowing.
SHERE2Y Ty A X (BSS) IFUTORUZ L > TRD BN D,
ESS=n*V /V,

n=FT-eRBRICBIT DY o IAY A X

V ={ERR LOBEDRLDBH ST A—Z DI

@=%ﬁ&b®%@@@b@&éﬂif—&@ﬁa
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Then, ESS — sample size from new trial = number of patients “borrowed” from
the previous trial. This information can be useful for deciding how much
efficiency you are gaining from using the prior information.

L7z Mo T, BSS—Hz RO Y o TN A X=i@EORBEH L TEMH
L) BEEK, &b, ZoFRT, FHEHEAVDIZ L TEORE
BWSRMNELNTWDOPEHERTLDICERTH S,
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9.2 Model Selection
9.2 EF /LR

Some statistical analysis plans allow for comparison of several possible models of the
data and parameters before a final model is chosen for analysis. For example, in a
Bayesian analysis of a study outcome that borrows strength from other studies, the
effects of a factor on the outcome might vary from study to study.

GEHEFTSE O BICIL, SR DOREETIVBIRGNC, 7—F /37 A—
FILANTNL OPDO TR H BEF N OHBN TR O b H D, FIZE,
MLDRERD HBAEH B AT BRBRIBROSA AT, b2 RFI A
BICRETYEBIRBIC L > TR RS LEEZDND,

One method of comparing two models tests the null hypothesis that one model is true
against the alternative that the other model is true. The result of such a test depends on

the posterior probability of the alternative model, or the posterior odds for the

alternative model. Posterior odds refer to the ratio of the posterior probability of the
alternative model to the posterior probability of the null model.

VADEFNE WET 5 B B FETE, —FOETANRELNE WS FIERHRE
b9 —FDEFARELVE NI RARHRERDL LEDETRET 5, Z0OL
5 AREEDRERIL, RARROHSHER, TLIRAERBOEERA v XL
BB, B4y XL, RETTIAOESHERICT ARAET NV OERRE
ROEIEEZTT,

9.3 Calculations
9.3 FIHE

Almost all quantities of interest in a Bayesian analysis involve the calculation of a
mathematical integral. All the following are expressed as an integral involving the
posterior distribution:

» the posterior mean
« the posterior standard deviation

« the posterior probability of a hypothesis.
A R B B IR R T OBOFERESHE RS . AT~ TH
BT ARAEE LTREND,
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The following are some numerical integration techniques used to compute these
integrals:
» Gaussian quadrature
- posterior distribution sampling
- Laplace approximation
- importance sampling
- Markov Chain Monte Carlo (MCMC) techniques (Gamerman 1997).
E30 L& S REIC AV BN S EEREMEO—HE U TIZET 5,
- AU ABERESY
- BRIV T
- 77T AEE
BRI
- o TEEE T I (MCMC) # (Gamerman 1997)

MCMC techniques are probably the most commonly used; the most used MCMC
technique is the Gibbs sampler. The Metropolis-Hastings algorithm is a generalization
that can be used in cases where the Gibbs sampler fails.

MCMCHEIZHBE 5 BB ELERENTVWS, MCMCEEDH THiRD & <A
ENTVWBDRET RS LT T—ThHD, A RRY A ~A AT 47 (M-H)
FTATY ZLEXT AT T—PMERTERWERICAVDS Z LD TE SN
IEFETH 5,

MCMC techniques are popular because in many analyses, the posterior distribution is
too complex to write down, and therefore traditional numerical integration techniques
like quadrature and Laplace approximation cannot be carried out. The Gibbs sampler
draws samples from other, known distributions to create a (Markov) chain of values. A
Markov chain is a set of samples where the value at each point depends only on the
immediately preceding sample. Eventually, as the chain converges, the values sampled
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begin to resemble draws from the posterior distribution. The draws from the Markov
chain can then be used to approximate the posterior distribution and compute the
integrals.

% < DM TIHEROABIEFICEM TR TBEETH 5700, HERSTT
75 ZIFELE Vo I RER ORESFHEENEITTE RN I L2 b, MCMCIERE
BLTWB, ¥ 2977 —CHLOEMONfMA LY L, (=
Aa7) EEEERT S, v Ao TEHEL T ARROESER O TV
BIARTE L TV BEED—EOH Ik &7, RERISEEIRT D &\
A Y P LTRSS B LI EISEf TN, 22T W
o 7 B U EE E R AT OWE L BOFEICAND 2 ENTE D,

Tanner (1996) provides a survey of computational techniques used in statistics,
including numerical integration and MCMC techniques. Gilks et al. (1996) explains
MCMC techniques and their application to a variety of scientific problems. Discussion
of MCMC and other techniques also appear in Gelman et al. (2004).

Tanner (1996) (X, FEAFELMCMCHER Y, HEHIBWTAV BN D FHEE
W OTELFT> TV B, Gilksetal. (1996) E, MCMCHE & Ok~ 72 I
HE ~ OMCMCIE DS B DWW TR LTV B, Gelmanetal. (2004) $MCMCi&
BLOFOMOBHTIZONWTERE LTV D,

When MCMC techniques are used, FDA recommends you check that the chain of
values generated has indeed converged at some point so that subsequent draws are from
the posterior distribution. If the chain has not converged, we recommend you sample
more values.
MCMCEEA BV 5384, FDATIL/ER & o33 2 B R CREMTPR S 41,
Z OB SN ENERARN DD D L RoTNWD I & EHERT D X D
BLTNS, EERIEEENTWRWESRIE, Sb7A AEDY TV T LT
HEHIMERL TS,

Various techniques have been developed to diagnose nonconvergence. You may refer to
diagnostic techniques discussed in Gelman et al. (2004), Gilks et al. (1996), Tanner
(1996), and the manual for CODA (Convergence Diagnosis and Output Analysis), a set
of SPlus functions that process the output from the program BUGS (Bayesian inference
using Gibbs sampling).10

SRE T ESEAIE LTV RWNT L AR B e O & R BB S
LT B, BEFHEHRC DV TDEEI, Gelman et al. (2004) | Gilks etal. (1996)
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Tanner (1996) . 35X U'BUGS (Bayesian inference using Gibbs sampling) 7'v1 27"
S AL WHALET 7 A NVEET 58D SPlus#iE TH 5CODA
(Convergence Diagnosis and Output Analysis) D~ ==7 VEZROZ &, 10

10
Both programs may be downloaded from the Medical Research Center, Cambridge, at

http://www.mrc-bsu.cam.ac.uk

CNTROTR ST AT Yy SOERME Y X —DFA b
(hitp://www.mrc-bsu.cam.acuk) MHF 7 ru— FTE 5,
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Convergence difficulties
NI I 5 R

Depending on how the Bayesian model is parameterized, the Markov chain
might converge very slowly. Alternative parameterizations can help to speed up
convergence. Omne possible explanation for a chain that does not seem to
converge is that an improper prior distribution was used (see Section 6:
Analyzing a Bayesian Clinical Trial). Thus, the chain does not have a
(posterior) distribution to converge to. When improper prior distributions are
used, you should check that the posterior distribution is proper. Convergence
difficulties can also occur when the prior distribution is nearly improper.
RAZEFANEDBENRTA—ZLENTHENRIE->T, wva”
B ITIERIC W BRI T D &M b D, BIDATA—=FIIT L
TINEEED D Z ERNTED, MRL TS LD ICHZRVEFIC OV
TEZbNB1ODEAIT, FEGOLEMIMBIABNLNIZZLTHD (6
A RER RO RRRBROATEIR) . Lea-> T, SRaEsiZiR
RT5 (FB) SRV, TERENSMEAVIEE. FRAM
PETITH D & E2HR LA T b2, IR 5 MR E
STPEIERHEE THEHEIORET D LBH D,

Data augmentation

VAP £ /SN

The technique of data augmentation introduces auxiliary variables into a model
to facilitate computation. The use of auxiliary variables can also aid in the
interpretation of your analysis. For example, latent variables are now commonly
introduced in analyses of ordinal outcomes (i.e., outcomes with only a few
possible values that are ordered). Examples of such outcomes include answers to
multiple-choice questions for a quality of life questionnaire. Johnson & Albert
(1999) discuss Bayesian analysis of ordinal outcomes using latent variables.
Tanner (1996) discusses data augmentation as a general technique.

F— ZURER TIHELER T 500, MMERZETT VICEAT
%, FIEEERWD Z LR ORRICL &L, FIAE, BIERNE
i34 B CIREFER (TAabblERM T BN DO RREREE
b OERE) OIEIC—RICEAIN TS, 085 REFOHIE LT
X, EEOE (QOL) BT 57 v/ — hOBRRMBEIIR T HEER E
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N5, Johnson & Albert (1999) IZIBTEMIZEEE AW TCIEFERIG DA
TIRMIZ SV TEZE LT B, Tanner (1996) E—fMIFIEL LTDT—
BRI DOWTEEL TS,
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Electronic submission of calculations

HEBROET T — i

FD A routinely checks the calculations for a Bayesian analysis (e.g., for
convergence of the Markov chain when using MCMC techniques). We
recommend you submit data and any programs used for calculations to FDA
electronically.

FDA T, EEIRIC A X OFFERER (B : MCMCEEZ WIS
DN 7 EEOIR) ZHERL WS, T2 BIUHEICAWZT
RTOFUT T bk, BFA—/NVELFIRY M5B U TFDAIZERTS
e R D,

9.4 Simulations to Obtain Operating Characteristics
9.4 MREFER DT DDV I 2 b—a v

FDA recommends you provide trial simulations at the planning (or IDE) stage. This will
facilitate FDA’s assessment of the operating characteristics of the Bayesian trial;
specifically, the type I and type II error rates. We recommend your simulated trials
mimic the proposed trial by considering the same:

» prior information

+ sample size

« interim analyses

« possible modifications of the trial in midcourse.
FDATIE, BHE (b L< ZIDERFE) DEETHREBROI 12— av&{TH 2
EERHIEL TS, ThIZEY, FDAIL L AA XiE% AW BRIREBROMERE

(FZFIER L OB ORBORER) ODERBEZIIRD, VYIalb—v

a VEIToERRRIL. UTORBEZRACIE T ZLICL > TEREENDIR
BICHELIL TS Z EREE L,

e Bt axX
R AT

- RBEFTOERDOWREN

You can assess the type I error rate from simulated trials where the parameters are fixed
at the borderline values for which the device should not be approved. The proportions of
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successful trials in these simulations provide estimates of the type I error rate. FDA
recommends that several likely scenarios be simulated and that the expected sample size
and estimated type I error be provided in each case.

AR E LTI B ARVERMET ST A—ZREE SN THHRBRO I
2 lb—vavinh, BIEOBBRERLFET S Z &3TED, 25 LTS
2 b— g VIR ARBAEIEND | BIEOBRBERNHEE TE D, FDA
T, WS OPDRIVEBDL VT IAFIONTY I ab—arz{Tn &7
— RN ONWTH TN A X EIEORBRRAEELMET 5 LR LT
Wa,

You can assess power and the type II error rate from simulated trials where the
parameters are fixed at plausible values for which the device should be approved. The
proportions of unsuccessful trials in these simulations provide estimates of the type i
error rate. The complement estimates the power provided by the experimental design.
FDA recommends several likely scenarios be simulated and that the expected sample
size and estimated type II error rate and power be provided in each case.
HEEDEAELTRERBNIOHDETNRT A—FIREE SN THHRBRO I
a2 lb—arpnb, BHABIUOEBEOBBRERLIME TSI &8 TE D,
ZH LY Ialb—ya VIR ARBARIENP L, BEOBRIE LRI
ETED, ZOMEBICL > THRBRT FA v bR/ ONSRENBHEESN D,
FDATHE, W DD IVEBBEIF I ACONTYIalb—a 270,
Bty — ZZONWTH U TN A XL EEOBRBRBAERS LR EHET
BT EEHERLTVD,

If FDA considers the type I error rate of a Bayesian experimental design to be too large,
we recommend you modify the design to reduce that rate. Determination of “too large”
is specific to a submission since some sources of type I error inflation (e.g., large
amounts of valid prior information) may be more acceptable than others (e.g.,
inappropriate choice of prior studies or inappropriate criteria for study success).
FDANR A REDRBRT A TOHEIEDOBBIEEERFFFICRENEEZ
HEAIE, MEREREZINZ S LORRT P A VEEET DI L 2HRT 5,

MFEEICRE V] LWV HBTEHFEARIC K> TRESN S, ZHIEIEDE
sEoOYREEEO—E (. KEOAZARFIME) 2o (F  BEORER
ORI REIRFE 2 T RET R RBRRDELE) LY bIFRARELZADND T
HTH D,
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There are several options for decreasing the type I error rate:

« increase the posterior (or predictive) probability that defines a successful trial
(e.g., 97 percent, 98 percent, 99 percent)

« increase the number of patients before the first interim analysis

» discount the prior information*

« reduce the number of interim analyses

« increase the maximum sample size (again, to reduce the influence of the prior)

- any combination of the above options.

HEIBOBBER AL LD SEBITE, UTOL 5 RN OPOBIRERD 5,
HRE R A R T ERHER (F-RNPR) 2 EH3E3
2 97%. 98%. 99%)
B0 RO BER L EME T3
ERTAFEAEIV B *

R DE SR & BT 5
BRY v PN A REGKRT D (FHGMOEEER S DTD)
EROWTRIERBEEDED

* To discount prior information, FDA recommends (1) you increase the number of
patients before the first interim analysis until the type I error rate reduces to an
acceptable level; or (2) you iteratively increase the variance of the prior distribution by
trial and error until the type I error rate reduces sufficiently.

* ERTAREZE Y 51 <IZiX. FDAIX (1) RAIOPHMTINC, HIFEORERE
ERPHFRTRERL-VNITH 2 E TREREEMSELZ &, i3 @) &
TEDIBRFEENHHIC TR L E T, R L OWBRERIC L > THFISmOLHK
FRVIBUHEMEEZZ 2RI TWD,

In case the experimental design is modified, we recommend you carry out a new set of
simulations to evaluate the new design.

RBT A VEEETHERE. FzvIal—Tar2—BYERLTH
LT R BRI B T & 2R 5.
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