19/7/99ADAPTIVE BAYESIAN DESIGNSFOR DOSE-RANGING DRUG TRIALSDonald A. Berry1, Peter Mueller2, Andy P. Grieve3, Michael Smith3,Tom Parke4, Richard Blazek3, Neil Mitchard3, Michael Krams31Department of Biostatistics, University of Texas M.D. Anderson Cancer Center,Houston, TX 77030. 2Institute of Statistics and Decision Sciences, Duke University,Durham, NC 27708-0251. 3Pfizer Central Research, Clinical Development, Sandwich,CT13 9NJ, England. 4Tessella Support Services plc, 3 Vineyard Chambers, Abingdon,OX14 3PX, England.Table of Contents1. Introduction......................................................................................................................21.1 Stroke and neuroprotection agents ............................................................................21.2 Critical aspects of standard dose-selection trials.......................................................52. Design Process...............................................................................................................112.1.Allocation of patients to an optimal dose...............................................................122.2.Prediction of final outcome: Longitudinal model and user interface.....................122.3.Estimation of the dose-response model.................................................................132.4.Confirmatory decision............................................................................................13In separate manuscript, labeled cmu.pdf or cmu.ps:2. The System3. Dose Allocator4. Optimal Stopping: The Terminator5. The Dose-Response Curve: Probability Model6. The Longitudinal Model7. Investigator/System Interface........................................................................................158. Simulation Results.........................................................................................................219. Discussion......................................................................................................................4410. References......................................................................................................................45

29/7/99 1. INTRODUCTION1.1 Stroke and neuroprotective agentsIf you hold this text in your right hand and read it aloud, parts of the left side of yourbrain would be very active. This activity would consume considerable amounts of energy.Arterial blood provides a constant source of fresh energy to the brain in the form ofglucose and oxygen. Now imagine that there is a sudden interruption in the arterial flowto these parts of your brain. Brain cells would start to die within minutes. You would losecontrol and power in your right arm and the text would drop. You would want to saysomething but would be unable to speak, and you may be unable to understand whatother people are saying to you. These effects would be immediate.Each year in the United States some 700,000 patients experience such symptoms. Adoctor would diagnose "stroke" or "brain attack". In industrialized countries, stroke is theleading cause of disability, and it is the third leading cause of death, behind only heartdisease and cancer. Stroke survivors can show either full or partial recovery. At aboutthree months after the event most patients have reached their best recovery and at mostsmall improvements occur after three months.The overall economic burden of stroke is enormous�approximately $41 billion in theU.S. in 1997.Until recently, there were few therapeutic options for stroke patients. This is nowchanging: both patients and medical teams have learned to deal with a brain attack as amedical emergency. The motto is �Time is brain�. There are two therapeutic approachesthat have been shown to improve outcome: 1) Stroke units: Specialized semi-intensivecare units, where blood pressure, blood sugar and other important factors relevant foroutcome can be properly controlled and where patients receive physiotherapy. 2)Thrombolytic therapy: If a patient suffering from an ischemic stroke is admitted to astroke unit within 3 hours of onset of symptoms, tPA (tissue plasminogen activator) canhelp to dissolve the blood clot that is occluding the cerebral artery. tPA can reperfuse theaffected parts of the brain (that is, get the blood flowing through them again). However,tPA has risks: given to the wrong patient, it can lead to serious complications, such assecondary hemorrhage.A third therapeutic concept involving neuroprotective agents is under development but isstill experimental. The example considered throughout this report is the development of aparticular neurological agent. The logic of neuroprotective therapy in acute stroke isbased on the pathophysiology of brain attacks. The following is a brief review of thatpathophysiology.Brain cells cannot function properly without a constant supply of oxygen and glucose.Stopping blood flow halts this supply. An interruption for longer than a few minutes willresult in the death of affected brain cells. Once cells start to die, the fine equilibrium ofintra- and extracellular ions spirals out of control. Neurotransmitters excite surroundingbrain cells. This makes them hyperactive in an environment where the energy supply is

39/7/99already at dangerously low levels, which leads to further cell death. Complexinflammatory processes are triggered and complicate the situation further. The area of thebrain that receives no or minimal blood flow is called the infarct core. Cells in the infarctcore are destined to die. The penumbra is the area of the brain that surrounds the core andthat receives some blood flow, but at a level insufficient to allow brain cells to functionproperly. Cells in the penumbra are able to survive. After a time they may recover someor all of their function.Think of a stroke as a rapidly expanding sphere inside a brain. The interior of the sphere(the infarct core)�but not its surface (penumbra)�is condemned to death. Now imaginethat it is possible to intervene and interrupt the expansion of this sphere. Fewer brain cellswould die. The goal of neuroprotective therapy in stroke is to stop or slow the expansionof the infarct core. To be effective it may have to be administered very soon after theinitiation of stroke.Some neuroprotective agents have been tested in animal stroke models. These tests arecontrolled for important factors such as:• Type of stroke (ischemic, cortical/subcortical).• Stroke severity (length of time over which a cerebral artery is occluded�the longerthe occlusion, the more severe the infarct).• Time delay between onset of stroke and administration of therapy (the shorter thedelay, the more efficient the therapy).• Administration of study drug (dose and duration over which drug is given).Evidence from animal experiments suggests that neuroprotective agents can reduceinfarct volume. However, whether they do so in humans and whether such reductiontranslates into clinical benefit are not known.Neuroprotective agents that are promising in animal models may be tested in clinicaltrials. Generally in drug development, the first clinical trials are in human volunteers andthe goal is to assess the agent�s safety. If it is proven safe then it is used in patients whohave suffered stroke. The goal is to determine whether the agent is effective, and ofcourse to continue assessing its safety.Assessing neuroprotective drug efficacy is not easy. The size of a patient�s infarct corecannot be observed directly. There are sophisticated imaging techniques(diffusion/perfusion weighted magnetic resonance imaging) that measure infarct volumeand change in infarct volume over time. But the same image can result from quitedifferent stroke kinds and severities. Neurological deficit resulting from a stroke dependson a) the stroke locale, b) the extent of the brain damage, and c) the stroke�s etiology. Alarge cortical lesion in the primary motor cortex can produce a neurological deficitsimilar to a very small lesion along the corticospinal tract. And a rather large lesion incertain parts of the frontal lobes may not produce only minor deficits, or least deficits that

49/7/99are difficult to measure. As regards etiology, approximately 80% of strokes are called"ischemic", involving the obstruction of a cerebral artery. And about 15% of strokes are"hemorrhagic": if an arterial vessel bursts, blood will be pushed with high pressure intothe delicate brain tissue, destroying the fine neuronal structures. Sometimes ahemorrhagic stroke can be a secondary complication of an ischemic stroke. This canhappen when the lack of blood perfusion mollifies the brain tissue. When the occludedartery becomes cleared, blood may shoot with high pressure into the area of the brain thathad been damaged, producing a "reperfusion injury", and potentially resulting insecondary hemorrhage.Sophisticated imaging methods are not widely available. Even if they were common andeven if they were perfectly accurate, size of infarct may not be very predictive of thestroke patient�s recovery.In practice, most stroke trials take the principal endpoint to be the patient�s condition 90days after the stroke. The patient�s condition is measured by one or more outcome ratingscales. There is no general agreement regarding the appropriate way to assess recovery instroke patients. Instruments are difficult to standardize across different types of strokes,different cultures, and different expectations. Some stroke scales for assessing recoveryare dichotomous, with patients classified as "dependent" or "independent". Other scaleshave a finer rating of neurological deficit. We will use one of the latter, the ScandinavianStroke Scale (Scandinavian Stroke Study Group 1985). The SSS has nine components,each with possible scores ranging from 0 to some maximum number of points. Themaxima are shown in parentheses in the following list: consciousness (6), eye movement(4), upper extremity (6), hand (6), lower extremity (6), orientation (6), aphasia (10), facial(2), walking (12). Higher score means better performance. The maximum total SSS is 58.Inclusion/exclusion criteria in stroke trials are very important, although exactly what theyshould be is not clear. Patients with mild stroke are easier to recruit into trials, in partbecause there are more of them. Such patients tend to improve even without therapy. Onthe other hand, perhaps they would improve even faster with neurological therapy.To help us understand the response over time of untreated patients we used an extensivelongitudinal database over time for in excess of 1000 acute stroke patients, theCopenhagen Stroke Database (J¿rgensen, et al. 1994). Perhaps the most impressiveaspect of this database is that it demonstrates the difficulty of developing drugs fortreating stroke: the variability in response is enormous, even considering patients withsimilar baseline characteristics, including baseline SSS. Information from this databaseled us to focus on moderate to severe stroke in the trial described in this report. Inaddition, we use this database to simulate trials, as described later in this report.Among the most important aspects of drug development programs is selecting the correctdose. To many programs have focused too little attention to this aspect of drugdevelopment. There have been a number of failures in recent trials investigatingneuroprotective agents in acute stroke and these may be due to an imperfectunderstanding of the dose-response relationship and a consequent incorrect selection ofdose.

59/7/99One of the reasons for the inadequate understanding about dose-response in developmentprograms of neuroprotective agents is that proper learning requires trials with a very largenumber of patients�at least with traditional designs. Given the time and resourceconstraints, some programs may have extrapolated dose-response relationships frompreclinical programs, sometimes assuming that from the perspective of efficacy, "more isbetter".Our approach described in the following section considers only single-shot IV therapy tobe given as soon as possible after the stroke. We do not consider duration of therapy as anindependent factor. A more comprehensive model would allow for learning about thisdimension of �dose.�We have suggested that acute stroke is a difficult indication for which to developtherapies. The design we propose in this report improves on the efficiency of drugdevelopment programs by applying Bayesian thinking and adaptive design. Thismethodology makes learning about novel therapies more efficient. It will help in thetreatment of stroke patients by reducing the numbers of patients exposed to non-efficacious doses or drugs during clinical development of a new compound and bybringing efficacious therapies to the marketplace earlier. The approach is applicable to awide range of drugs and indications, with stroke being but an example. 1.1. Critical Aspects of Standard Dose-Selection TrialsIn a standard dose-selection trial, patients are assigned randomly to a set of pre-defineddoses, typically between 3 and 5 in number. A standard trial is balanced in the sense thatequal or nearly equal numbers of patients are assigned to the various doses.Such a trial may be inefficient. If the test drug is effective then the dose-response curvehas a positive slope for some interval of doses. The sloping part of the curve may belocated at doses greater than or less than those considered in the trial. In either case someof the observations at the opposite end from where the slope occurs may be wasted.Moreover, if the sloping part of the curve occurs within the range of doses considered andis steep relative to the interval between doses then observations at both ends of the rangemay be largely wasted. The case in which the drug is ineffective is similar to the one inwhich a positive slope occurs at doses larger than those considered in the trial; namely,many of the observations at lower doses may be wasted.To illustrate some of these points, consider the sample of dose-response curves shown inFigure 1.1, (a)-(f):• The true dose-response curves are logistic.• Four active doses (labeled 1, 2, 3, 4) plus placebo (dose 0) are assigned in a balancedfashion so the sample sizes are equal.• The true values of the response curves at these doses are shown as solidcircles�these are the true mean responses for the various treatment arms in the trial.

69/7/99• The vertical lines attached to the circles represent the set of likely values for theobserved mean response at the corresponding dose. For example, this interval may bethe one containing the middle 95% of the probability.

79/7/99

Response

e 1(a)D as

12034Response12034Response12034Response12034

89/7/99

Response

12034Response12034

99/7/99In Figure 1.1(a) the sloping part of the dose-response curve is between doses 0 and 1,with all four active doses having essentially the same underlying mean response. Inretrospect, many (but not all) of the patients assigned to doses 2, 3 and 4 would have beenmore informative about the slope of the dose-response curve (and also about the ED95,the smallest dose at which 95% of the maximal response is achieved) had they beenassigned to doses between 0 and 1.The accuracy with which a trial can determine the ED95 is limited by the separationbetween doses. In Figure 1.1(a), for example, the ED95 will likely be identified as beingbetween doses 0 and 1. Such accuracy may be sufficient for some compounds, but fordrugs that may be less safe at higher doses and for drugs that are costly to produce, it maybe essential to identify the optimal dose with greater accuracy.In Figure 1.1(b) the slope of the dose-response curve is the same as that in Figure 1.1(a)but the entire curve is shifted to the right. If the dose-response curve happens to be theone in Figure 1.1(b) then in retrospect it would have been more informative to haveassigned patients to doses between 2 and 3 and also additional patients at doses 3 and 4.In addition, sampling variability present in the observed responses at doses 3 and 4 willleave open the possibility that the asymptote of the curve has not been reached. Forexample, the observed means at doses 3 and 4 may be as indicated by the open circles.But regardless of the observations at these two doses, the value of the asymptote and theED95 will be poorly known, and in retrospect assigning patients to doses higher than 4(safety permitting) would have been more informative.On this same point, the conclusions drawn from trials in which the curves are as shown inFigures 1(c) and 1(d) will be similar. For example, the five observed mean responses maybe as shown by the open circles, and these are identical in the two figures. In 1(c) but notin 1(d) the asymptote will have been reached (unbeknownst to the investigators).Moreover, if the responses at dose 4 in comparison to placebo are not clinically importantthen in 1(c) the drug should be abandoned while in 1(d) doses higher than 4 should beexplored, safety permitting. The observed results of the trial will not help in decidingwhich strategy is better.In Figure 1.1(e) the doses assigned happen to be ideally placed in the sense that theyencompass the gamut of responses and they are spread out along the sloping part of thecurve. But even here, because of uncertainty concerning the true slope of the curvebetween doses 3 and 4, the ED95 is not very well identified.In Figure 1.1(f) there is no response over the range of doses considered. Assuming thatthe dose-response curve is known to be monotonic, information from patients assigned todoses 1, 2 and 3 will be largely wasted and would have been more informative had theybeen placed at either end. Either the drug is ineffective or its effect occurs at doses higherthan 4. Explorations beyond dose 4 are essential (if safe) to decide which possibility isthe correct one.

109/7/99Another drawback to standard types of designs is the use of fixed sample sizes. Even ifthe doses considered are judged in retrospect to be appropriate, the variability in responseacross patients assigned to the same dose may be less or greater than anticipated. In theformer case the sample size chosen may be unnecessarily large and in the latter case itmay be too small to accomplish the study’s goals. Figure 1.2 addresses this issue. In both2(a) and 2(b) the dose-response curve is the same as in Figure 1.1(e). In Figure 1.2(a) themeasurement standard deviation is half that of Figure 1.1(e) and in Figure 1.2(b) it istwice that of Figure 1.1(e). The standard errors at each dose will then be half as large andtwice as large, respectively, as anticipated.

2341Fe 2(Do s s i e d 02341Fure 2(b)Doses asgned0Not surprisingly, a retrospective view of conventional dose-finding trials suggests thatassigning to doses rather different from those actually assigned would have been moreinformative, or that a different sample size would have been more appropriate, or both.At least two types of improvements to balanced designs with pre-selected doses arepossible:(1) Increase the number of doses considered. This can facilitate identifying criticalaspects of the dose-response curve, but if the numbers of patients assigned at eachdose is the same then the cost in terms of sample size may be prohibitively large.(1) Avoid large sample numbers of observations at doses where the form of the curve canbe reasonably well estimated from a smaller number by borrowing the informationavailable from observations at nearby doses.Both improvements are accomplished using the procedure we describe in this report. Theresult is that more accurate information is available about critical aspects of dose-response with, generally, smaller sample sizes. Moreover, when the total sample size islarger, this larger size is necessary to identify important aspects of the dose-responsecurve.

119/7/99In this report we propose an adaptive scheme in which the doses assigned are allowed todepend on information from patients treated previously. The design is in two phases:a)The focus of the first phase is dose finding�is there a dose that is sufficientlyeffective to be used in a pivotal trial and thereafter in a clinical setting?b) The second phase is confirmatory.A second adaptive aspect of the design is that the duration of the dose-finding phase ofthe trial depends on the accumulating information about the dose-response curve:• If the available information is sufficient to conclude that there is indeed a response tothe drug and that the dose-response curve is well identified, assignment switches to aconfirmatory mode in which a particular dose that has been identified as beingeffective�such as the ED95�is compared with placebo in a balanced, randomizedfashion. The switch can take place seamlessly with no delay in patient accrual.• On the other hand, if the available evidence is sufficient to suggest that there is nodose-response or that the maximal effect is too small to make the drug worthwhileclinically, then dose finding will cease and the procedure will recommend terminatingthe trial.The design is adaptive in both assigning dose and deciding when to stop dose finding.And it uses Bayesian updating and Bayesian decision analysis. However, the regulatoryapproval process is largely frequentist. Therefore, the decision analysis involvespredicting statistical significance (in the usual frequentist sense) of the confirmatory trial,and its sample size is determined accordingly.There is a regulatory tradition of requiring two trials, both with statistical significantresults. The design we propose embodies two trials, one the dose-finding phase and theother the confirmatory phase. Statistical significance in the first phase can for the slope ofthe dose-response curve or for the comparison of the ED95 with placebo, assuming aparticular probability model. The current version of our program does not requirestatistical significance in the first phase (adjusted for the sequential nature of the design)before converting to the second phase. However, this option is being incorporated intothe program so as to meet this requirement if it is imposed by regulatory agencies. 2. DESIGN PROCESSThe proposed design for dose selection is in four parts, which by the nature of sequential,adaptive designs are not necessarily ordered in time. The process is schematicallyrepresented in Figure 2.4 [[there are no Figures 2.1-2.3]], the 11 components of whichwill be described below and related to the four parts of the dose selection process.

129/7/99 2.1. Allocation of patients to optimal doseOn a particular day during the trial, a number of patients, typically fewer than 5, will beadmitted to the trial [1 in Figure 2.4]. Consider the first patient. Based on the availableinformation our knowledge concerning the ED95 will be represented by a posteriordistribution with some variance. Assigning a particular dose to the next patient andobserving the response will effect a change in the posterior distribution of the ED95, andhence in its variance. We can predict how the chosen dose and the correspondingresponse of the patient will change the consequent posterior variance. The mostinformative dose [11]�say z*�is the one with the smallest average variance of theED95, where the average is with respect to the predictive probabilities of the variousfuture observations, given the dose assigned. Before assigning the dose, however, someamount of randomization is employed [2]. First, if z* is not placebo then placebo isassigned with some minimal probability�such as 15%. Second, consider the set ofdoses for which the expected response is within 10% that of z*. The dose assigned isselected randomly from within this set. Subsequent patients admitted on a particularday�up to 5�are considered as above, but conditioning on the previously assigneddoses and averaging with respect to the predictive distributions of the responses at thesedoses.

5678109111234

longitudinalmodel predictsfinal outcome estimation of dose-responsecurve decisionrule find the optimal dosefor learning about ED95 randomisationto placebo or �optimal �dose dose to vialtranslation

New patient

Continue

Go Pivotal ongoing /outcome patient dataStopFigure 4 2.2. Prediction of final outcome: longitudinal model and user interfaceAt any particular time, patients having entered the trial will provide informationconcerning their responses [4 in Figure 2.4]. Through the use of a longitudinal, predictivemodel to be described in ⁄4, we impute the final response of the patient [5 in Figure 2.4].

139/7/99This model allows an early update of knowledge about the dose-response relationship,which in turn allows for better choices concerning the doses to be allocated to futurepatients. In view of the critical importance of delivering neuroprotective therapy asquickly as possible, such updating requires rapid data processing. A rapidcommunications interface between the statistical system and the centers where the studyis carried out has been developed. Details of the interface are given in ⁄5. 2.3. Estimation of the dose-response modelWe use a dose-response model based on a Normal Linear Dynamic Model (NDLM)described by West and Harrison (1997). This is essentially a piecewise linear model. Itprovides the necessary flexibility to encompass both monotonic and non-monotonic dose-response relationships. An additional advantage of NDLM is the existence of analyticalresults for the determination of the posterior distribution of the dose-response curve, andalso for the ED95. Together with data from those patients who have completed the study,the imputed values described in the previous section are used to update the relevantposterior distributions. Details of the model and the updating procedure are given in ⁄6. 2.4. Confirmatory decisionOn each day of the dose-finding phase the algorithm implements a decision rule [7 inFigure 2.4] that addresses the question of whether the process should continue in dose-finding [10 in Figure 2.4], end because of futility [8 in Figure 2.4], or shift to aconfirmatory phase [9 in Figure 2.4]. These decisions are made based on the predictiveprobabilities of failure to show a benefit and successfully showing a benefit. (Thedecision to stop the trial is not made in the absence of human intervention. A Data SafetyMonitoring Board reviews any decision concerning the conduct of the trial.) The shiftfrom the dose-selection finding to confirmatory may be seamless in that the phase of thetrial may not be recognizable by physicians and others involved. If a shift is made in aseamless fashion then the follow-up information from patients treated most recently inthe trial will not be complete.The timing of the shift from dose-finding to confirmatory is important. Whether to shift isbased on a Bayesian decision analysis. A component of this analysis is an assessment ofthe probability of showing an eventual benefit in a confirmatory trial at the current ED95.The decision to shift will depend on the available information about dose-response. Thedesign of the confirmatory study will be based on the predictive power calculations, butwhether to shift to the confirmatory phase of drug development is based on Bayesiancalculations of the probability of showing a benefit over placebo.Insert either cmu.pdf or cmu.ps hereThese inserts contain the following sections [pardon the inconsistent numbering].

149/7/992. The System3. Dose Allocator4. Optimal Stopping: The Terminator5. The Dose-Response Curve: Probability Model6. The Longitudinal Model

159/7/997. INVESTIGATOR/SYSTEM INTERFACE7.1 IntroductionThe Response\01 Data System makes it possible to use a Bayesian Adaptive Design in aClinical Trial. It receives the information from the investigators, orchestrates the runningof the statistics programs, transmits to the investigators the details of what dose toadminister the patient, and provides a means of monitoring the progress of the study.System Overview

ÆDrug Update

E ma i l Æ R e cr t U pda t e E ma l Æ O rde r D rug E i l Æ A l e rt E i l Comms outInte c e ÆMaste a ndom is a t io n L t Æ A d di ti on a M a st e r R a ndom a t io n Li s t Æ e w Pro to c ol D t a Æ S ys t e m B c kup F i le ÆNe Subjec t F a x D rug A dmi n is t e d Fa x Æ S ubj e c R e sp ons e Æ T e t F a x Æ C orre c i on Fa x Æ D R c ei v ed F a x Æ rug L o st F a x Æ i sp at c h F a x axInterface Æ rug Report F il e R e c rui t R e port Fi l e Æ P rot oc o D a t a Æ S ub je t Da t a Æ F ul P ro to co l Æ B a s R ep ort Æ F ul l a s t e r R a ndom is t io n L i s t Æ ys t e m B a c kup F e Admin Interfac

Viewer/Edit r (D M /S M / DB M Int e rfa c e ) Sta s syste m ÆConfi

tion Fa x ÆOrd

Drug Fa x Æ N ot fi c a t io n F a x D ru g U p da t e F x Æ Re c ru it U t e F a x Æ R e nd x Æ A l e rt a x DatabaseÆD

e Instruct i ons7.2 Using the System�The InvestigatorUpon admitting a patient suitable for the study the investigator:1.assesses their weight and their baseline score on the Scandinavian Stroke Scale,2.enters this information and the patient initials and date of birth on a single page pre-printed form,3.faxes the form to data system,4.receives a confirmation of her fax, with the number for the patient within the study,and the details as read from the investigator�s form by the system so they can bechecked,

169/7/995.a minute or two later, receives a fax with instructions on how to make up the dose togive the patient.An example fax:

179/7/99The dose assigned to a patient is specified to the investigator, or the investigator�spharmacy, by identifying two vials and instructing how much is to be taken from eachand combined to make the dose. A unique number identifies each vial. Vials contain oneof three concentrations of the drug or placebo.This allows a wide range of doses to be used and larger than usual number of differentuses within the range is available for the dose allocation algorithm. The system is alsoable to scale the dose according to the patient�s weight.As well as the fax forms with their minimum of information, the investigators completemore detailed study forms and pass them to the CRAs in the usual way.To enable updating the current distribution of the relevant parameters, the investigatorscomplete a form indicating the results of follow-up visits for all patients in the study.They also fax these to the system. Should a patient develop complications the investigatorcan request being unblinding as regards that patient, again by completing a form andfaxing it to the system. The system replies with details of the dose assigned to the patient.Faxed forms are being used rather than an internet and Web Browser-based interfacebecause of the lack of availability of such facilities in some participating centers, and thefear that if the study sponsor provided the necessary facilities they would be abused orstolen. Faxed forms are slower and less reliable than an internet based solution, andimplementing an interface would be easier if internet access could be taken for granted.7.3 Using the System�The Study AdministratorsThe system will hold a large amount of relevant and up-to-date information of interest tothe Study Administrators (Statisticians, Data Managers, Study Manager and the DataSafety Monitoring Board). This is made available to them through a conventional PC-based program that allows the data to be navigated and viewed.<<screen shot of program�not yet available >>As well as the data, all the fax images can be viewed. This allows the Data Manager tocheck the data on the form against that read in by the system and correct it wherenecessary. A number of events, e.g. invalid faxes, receipt of correction forms, andrequests to unblind patients, are flagged to the Data Manger to check and makecorrections if necessary.The data are available more quickly and more accessibly than for conventional trials. Anadditional advantage of having such a system is that it can proactively send reminders toinvestigators. For example, it can remind them when follow-up checks are due onpatients. And it can let them know when their pharmacy is running low so they canrequest further packs of vials.

189/7/99The information on doses, effective doses and the status of the study as determined by theterminator algorithm are blinded to all but the Data Safety Monitoring Board.7.4 Using the System�The Pfizer PharmacyThe pharmacy at Pfizer is responsible for providing a Master Randomization List of allthe vials that may be used in the study, their number, the concentration they contain andtheir expiration date. Whenever the pharmacy dispatches a shipment of vials to a centerthey send a fax to the system indicating the vials sent.Thus, the system has the information it requires to specify doses to investigators in termsof the blinded vial numbers.The system is informed that the vials are available at a center by the investigator faxing ina form acknowledging receipt of a shipment. The investigators also have a form they canfax should a dose administered be other than that directed and a form indicating that vialshave been lost or broken.The system sends a fax or e-mail to the Pfizer pharmacy when a center�s supply of anyparticular concentration of drug is getting low. It also provides regular reports to thePfizer pharmacy indicating what vials are at which center and which vials are in transit.7.5 How the System is ConstructedThe system comprises two servers and a number of connected client PCs. There is oneFax server and one Statistics server. The Fax server runs the Data System and theStatistics server runs the Statistics Programs.The Data System comprises:¥a database built using Oracle 8,¥a fax reception package �Zetafax�,¥the form recognition package �Teleforms� with the forms designed specifically forthis system and the associated Basic scripts to validate the data and enter into thedatabase,¥the Study Administrators client program, written in Visual Basic,¥the Fax-Statistics interface programs written in C and UNIX shell script.

199/7/99The System dataflow model

Database (5)

Fax Input (4)

Fax Output (6)

Administration

Interface (10)

Viewer/Editor

(9)

Dose allocator

Interface (7)

Recommender

Interface (8)

Centre

Pharmacy

Email Output

(11)

CRA

DM

New Subject,

Dose Administered,

Response,

Correction,

Drug Received,

Drug Lost

Confirmation,

Dose Instructions,

Notify Expiration

Dispatch Drug,

Correction

Order Drug,

Drug Report,

Confirmation Fax

Recruit Update,

Drug Update,

Alert

SM

Alert,

Recruit Update,

Drug Update,

Notify Expiration Fil

Sys te m

Confirmation

Data,

Confirmation Data,

Error Data

fax

image

fax

image

Email

text

Investigator,

user data

investigator

data,

centre data,

pharmacy data,

Subject data,

validation data

data

Run

Bayes Report

Protocol Data

Current Subject,

Weight

dose

Backup

Run

Protocol data,

Drug management data,

MRL

Protocol Data

Bayes Report,

Drug Update,

Blinded Protocol Report,

Subject Report,

Recruitment Report

Backup File

Dose

Recommender File

Stats File Archive

Stats System

Dose allocator

recommender

Dose to Vial

Calculator (12)

dose per kg

dose,

vial,

volume

MRL

209/7/997.6 The Development ProcessThe system has been developed in two phases.1.The first phase concentrated on the core areas of:a)receiving patient data on faxes,b)storing the data in a database,c)passing the information to the statistics programs, running the programs andstoring the results,d)providing facilities to browse and edit the data.2.The second phase extends the first phase system by:a)sending dose information to the investigator,b)managing the vial data,c)extending the Study Administration facilities,d)providing proactive reports, warnings and reminders.For each phase:¥Detailed Use Cases and User Requirements were drawn up that detailed what thesystem had to achieve.¥These were refined into System Requirements that detailed the functionality andproperties of a System.¥A Design was then drawn up for the system, including a definition of the interfacebetween the Data System and the Statistics¥The components identified in the Design written.¥Individual components of the system were tested.¥The whole system was tested.¥The system was then handed over for acceptance testing then user testing.In the first phase it soon became clear that the Data System would be written before thefax form designs were finalized or the statistics programs were finished. So we decided todevelop two versions during the phase, the first using early versions of the fax forms andstatistics programs and the second only after the fax form and statistics programs for thefirst phase had been finalized. The first version was released after the component testingwas complete but holding back some development effort for later rework and the systemtesting was held over until the second version was complete.

219/7/99This had the advantage of allowing a thorough evaluation of the Study Administrationclient program in the first version and for the comments to be taken into account in therework for the second version and in not duplicating any testing effort.The first phase took about 18 person months of effort to develop. At the time of thiswriting the second phase is not yet complete.The Validation ProcessThe system was validated by:¥Project reviews to ensure consistency of the requirements documents and the design.¥Code reviews.¥Component testing, a component test plan was drawn up and �light weight�component test scripts drawn up�stating what was to be tested but not how it was tobe tested. The tests were then performed by the developers themselves.¥System testing, a system test plan was drawn up, enumerating the test scripts to bewritten and cross referring the test scripts to the system requirements. The system testscripts contained more detailed instructions on what steps to take to perform he testsand on the expected outcomes. Independent testers ran the system tests. The systemtesting also included some unscripted testing of the user interfaces by an independenttester, this proved particularly effective at finding faults.

229/7/998. SIMULATION RESULTS8.1 Dose range, data properties and underlying curvesThe number of doses used is arbitrary, with a greater number being better from theperspective of learning about the dose-response curve. But logistical considerations limitthe number in practice. We used sixteen possible doses in all simulations: 0, 0.1, 0.2, upto 1.5. These doses are realistic for the actual trial but the set doses to be used is not yetfinal. Equal spacing is natural for the NDLM but unequally spaced doses can beaccommodated.We investigate the properties of our design by assuming a variety of dose-responsecurves. These were chosen to reflect different scenarios that might be expected in a dose-response study (Figure 8.1).• Curve 1: Null or flat dose-response, corresponding to no drug effect. The shape of the next three curves is logistic with the lower 4 doses having noimprovement over placebo, and the highest 5 doses forming a plateau at the maximaldrug effect.• Curve 2: Minimal clinically relevant benefit over placebo (2 points on SSS) at thehighest dose.• Curve 3: Modest benefit over placebo (4 points) at the highest dose.• Curve 4: Very large benefit over placebo (8 points) at the highest dose. The next two curves reach their maxima earlier (Curve 5) and later (Curve 6) than thoseabove.• Curve 5: Modest benefit over placebo (3.3 points) but none until the last 6 doses.• Curve 6: Modest benefit over placebo (4 points) where the increasing is over the rangeof the first 6 doses�similar to Curve 3 but with increase occurring 0.5 sooner in termsof dose. The last curve we consider is the only one that is not monotonic.• Curve 7: Bell-shape with increasing effect up to the middle doses and then the effectdrops back to placebo level.

239/7/99 Figure 8.1�Nominal dose-response curves used in simulations f(z)doses

0.00.51.0

5 81012141 1 8 2 0 N o mi n a d o se - r e sp o n fu n ct i o n s u s d i n s i mu l a ti n s Curve 4C rve 7 C u rv e 6 u rv e 3 C u rv e 2 u e 5 C u rve 1

249/7/99There are a great deal of variable parameters in this approach and it is the aim ofsimulation to find out the effect of these parameters and identify optimal settings whichallow best inferences to be made about the majority of the underlying curves.Initialization file settingsAn initialization file controls the critical aspects of running the algorithm. Appendices 1aand 1b contain details of the control items and their default values. For example, thedefault values for the prior estimates and longitudinal model analysis are from theCopenhagen Stroke Database. Default settings for Markov chain Monte Carlo (MCMC)iterations have been chosen to provide reasonable estimates of the parameters of interestbut also to keep the calculation time within reasonable limits. Many options that can beset in the initialization file allow fallback positions should the software not functioncorrectly. Default allocations include to the posterior quantiles and randomly toprespecified doses.Other settings are invoked in generating data for simulations. In running a �trial� apatient database is created. If the settings indicate that the database should include deathsthen this is incorporated. The patient data file is then read in sequentially (one week�sworth of responses at a time) and the doses are adaptively allocated to the patients in trial.The adaptive nature of the design means the simulation must be run with patients beingallocated to doses and patient responses being generated sequentially.The simulation process allows for setting the dose range to be used, the inclusion andexclusion criteria for baseline scores, the patient horizon (maximum number of patients),the maximum number of observations per patient and properties of the distribution andscoring method for deaths in the generated patient database. The initialization file alsocontrols the specification of the prior knowledge about the form of the dose-responsecurve and controls some aspects of the eventual design of the study�for example, theproportion of patients allocated to placebo.In all simulations reported here we have set a lower limit of the sample size to be 250.This lower bound allows for getting at least a modest amount of data the safety of thedrug. In addition, we set the upper limit on the sample size to be 1000. Some upper limitis helpful in carrying out the necessary calculations. Also, an upper limit is appealing todrug company management to facilitate budgeting and planning. The limit of 1000 ismoderately large, as verified using simulation. When we set the limit to 5000, onlyoccasionally did the terminator go beyond 1000 patients, irrespective of the dose-response curve assumed.Simulation processIn most of the simulations reported here, 100 trials were generated for each curve. Wheninitialization settings were changed, these were made one item at a time in order toinvestigate the effects and to keep the number of sources of change to a minimum at anyone step. For example for any one nominal curve we simulated 100 trials with no deathsand with one setting of minimum and maximum sample sizes, one setting of placebo

259/7/99proportion and one setting of the different NDLM parameters. Then we introduce deathswith a particular method of scoring death, holding all other factors constant. In this waywe have attempted to build up a picture of the influence of different factors on ourestimation of the underlying curve and on the inferences derived when we stop the trial.To evaluate the overall and long-term performance of the algorithms and for comparisonwith standard designs we performed 1000 additional trial simulations on selected curvesand for selected settings of the initialization file. These larger simulations are used tocalculate Type I error probabilities (significant dose-response when the underlying dose-response curve is flat) and power of the procedure (proportion of trials with statisticalsignificance for a nominal dose-response curve with the hypothesized clinically relevantdifference).The statistical package S-Plus was used to display the data from each simulation run�weexamined the overall picture across the 100 trials and also observed the results for theindividual trials.Although we can evaluate the Type I error and power of our procedure there are very fewmetrics which will allow us to explicitly define its performance. As a result most of theevaluation from simulations has involved graphical presentation of the simulation resultsand comparing the dose allocation, estimation of the curve and stopping decision againstwhat we would expect given knowledge of the underlying curve. We also compare theresults of simulations against each other in order to identify any �oddities.�The conventional dose-finding studyWe compare our results against conventional dose-finding study, one with three dosesplus placebo. For a clinically relevant difference we wish to detect, for an estimate ofvariability, and for appropriate power and significance levels, we calculate sample sizesfor each group. There are many assumptions underlying this calculation. The variabilityin the actual data may be greater than that assumed (taken from the Copenhagen StrokeDatabase). The effect of treatment may not be as great as assumed, or it may be greater.The location of the best effect may be outside the dose range assumed. Andcharacteristics of the patient population may be different from those in other studies.Any conventional study is saddled with such assumptions. If any are wrong then it maynot be possible to draw a firm conclusion or the sample size may in retrospect be toolarge. Conventional studies may be able to recalculate variability and adjust sample sizesaccordingly, or there may be other ways to adjust for some of the effects above while thestudy is ongoing, but in principle many factors are fixed at the outset of the study.Table 1 shows sample sizes for a conventional study powered at 90% to detect adifference of 2 points or 4 points improvement over placebo. This assumes a 5%significance and testing using Bartlett�s correction for three active doses and placebo.Estimates of variance in change from baseline have been drawn from our analysis of theCopenhagen Stroke Database and reflect variability seen in an untreated patientpopulation.

269/7/99Table 1. Sample size estimates for a conventional dose-response study design.Improvement overplacebo to detectAssumed variance;change from baselineTotal sample size(in 4 groups)2 pts.15032164 pts.150804Results of simulationsConsider Curve 3, where the maximal improvement over placebo is 4 points. The ED95for this curve is approximately 1.0. Placebo is allocated with a fixed minimumproportion, in this case 0.15. One patient accrues per day. Figure 8.2 shows the frequencydistribution of doses assigned in a single simulation (left panel) and the actual dosesallocated by time over the course of the trial (right panel). The trial lasted 36 weeks and250 patients were accrued. Therefore, at the time of stopping, complete informationconcerning the 13 weeks of the study was available on about 2/3 of the 250 patients.Early in the trial the algorithm seeks to identify the minimum and maximum effects forthese are critical references against which the ED95 must be evaluated. In the latterphases of the study the algorithm homes in on the ED95 value, while also gettinginformation about the minimum and maximum. The histogram shows that a smallfraction of doses are allocated in the dose range from 0.1 to 0.7. The nominal dose-response curve in this range is nearly flat and these doses are away from the area ofprincipal interest, the region containing the ED95.Figure 8.2. Results of a single simulation assuming Curve 3. Distribution of doses(left panel) and doses allocated over time (right panel).

00.20.30.40.50

0 .8 0.9 1 1.1 1 .2 1 .4 1.5

0.0

0.02

0.04

0.06

0.10

0.12ASSIGNED

OSE S

proportion

WEEK

DOSE

102030

0.5

1.0

1.5 gned Doses by We ekFigure 8.3 shows the distribution of doses across 100 simulations. Superimposed on thisis a summary of the fitted dose-response curves across these simulations. The diamonds

279/7/99represent the true (assumed) dose-response curve. The middle line shows the median ofthe fitted values with the quartiles of the distribution of the fitted values at each dose.This figure shows that the low doses have a low probability of being allocated. It alsoshows that pre-specified minimal proportion of placebo doses of 15% is achieved. Thefitted curves accurately estimate the underlying dose-response curve.Figure 8 3. Allocation of doses across 100 simulations, assuming Curve 3 for thedose-response relationship.

00.10.20.30.40.50.6

0.9 1 1.1 1 .2 1.3 1.4 5

0.0

0.05

0.10

0.15ASS

ED DOSE S

ProportionDose

as s igne d ac r s all s im u lat s

0

5

10

15

20Figure 8 4 (left panel) shows the distribution of observed effect sizes (m) at theED95�measured as the number of points improvement over placebo on theScandinavian Stroke Scale�against the standard error (s) of this estimate. The trianglesrepresent those simulations in which the decision was made to go into a confirmatoryphase and the circles correspond to simulations in which the decision is made to not goconfirmatory. The sizes of the symbols are proportional to the trial sample sizes. Recallthat the terminator function is called only after 250 patients have accrued and that themaximum study size is 1000. The figure shows that when the trial is stopped early it isbecause the effect is probably large. Naturally, for smaller sample sizes there is a bias inthe observed response at the ED95.For Curve 3, with its maximum of 4 points improvement over placebo the algorithmmakes very few decisions to terminate the study because of lack of an observed benefit.In Figure 8.4) we see a �funnel� shape. This may be because in order to identify a smalleffect we will need to continue the trial to a larger number of patients and so we will endup with better precision in this estimate (smaller �s�).Figure 8.4 (right panel) shows distributions of the sample size taken to reach a decisionusing the stopping rule, the observed effect size, the standard error of the effect size andthe posterior estimate of sigma. The bias in observed effect size at the ED95 can be seenfrom the distribution here, as can the fact that in the majority of cases the decision to stophas been taken comparatively early. The fact that some simulation runs have continuedon to 1000 patients may be influencing the standard error of the estimated effect size

289/7/99causing the bimodality we see in this distribution--the longer we continue the morecertain we can be about the estimate of the effect size.Figure 8.4. Distribution of observed effect sizes at the ED95 with correspondingprecision. Dose-response is that of Curve 3. In the left panel symbol size isproportional to trial sample size at stopping. The right panel shows frequencydistributions of sample size, posterior mean benefit over placebo at the ED95, itsstandard error, and the error standard deviation s.

02468Observ

i z e at E D9 5 1.01.5 2.5

Standard error of observed effect

200400

0 80 0 1 00 0

0 20

30

40no. pati

ts i n i ni t i al ha se Me d ia n= 3 . 5 02468

5

10

15

20

25

30B

nefit over pb o - m n Me di an = 4. 5 1.01.52.0 5

0

5

10

15

20B

efit over p bo - s.e ea n) d 1 1 5 101112 3

0

20

30

40E

mate of si g m a di an = 11 . 87Figure 8.5. Distribution of observed effect sizes at ED95 with correspondingprecision. The underlying dose-response is null, that of Curve 1. The symbol size inthe left panel is proportional to sample size in the dose-finding phase. - -2-1012 3 O erv ed ef fec t s iz e a t ED

1.01.52.02.53.0

Standard error of observed effect size 2

400600 80 0 00 0

0

20

40

60

80

no. patients i n ni t i al p ha se ed ia n= 2 58 -3 2-10 1 2 3

10

30

40Benef

t over pb o - m ea n = 0. 4 75 1. 1.52.02 .5 3 0

0 40

50

enefit over p bo - .(m ea n) Me di a n= 2 1 3

0

60Esti

ate of si g m a Me ia n= 1 1. 79 5Figure 8.5 shows similar results for 200 simulations assuming the null or flat dose-response curve (Curve 1). The proportion of simulations in which the decision is to gointo a confirmatory study is made is very low (2.2%). In the terminator function if theobserved effect is less than 2 points improvement over placebo then we conclude that the

299/7/99drug has insufficient clinical effect to warrant further development. The right panel ofFigure 8.5 (upper left histogram) shows that the decision to stop was made after relativelyfew patients (median of 258 where the minimum is 250). As indicated in the introduction,an important benefit of our adaptive scheme is that when there is no drug effect the trialcan be curtailed relatively early.Figure 8.6 shows the distribution of doses for the remaining dose-response curvesconsidered. The posterior estimates of the dose-response curves are superimposed on thehistograms of doses. Evidently, our adaptive allocation scheme is capable of dealing witha variety of underlying dose-response relationships. In most cases it is effective inlearning about the form of the underlying curve.To find the statistical power of our adaptive scheme we calculate a minimal slope in theobserved dose-response. �Minimal slope� is the slope of a line spanning the whole doserange from placebo to the size of effect at the dose that will be selected to take into theconfirmatory trial. This is minimal in the sense that if the maximal effect occursanywhere other than at the maximum dose then the slope of the line will be greater. Theslope is calculated only for those simulations that call for going forward into aconfirmatory study. We can test this minimal slope for significance.Table 2 gives a summary of the results from 100 simulations assuming Curve 3. In only 7of 100 trials was the decision against going to confirmatory phase. As regards statisticalsignificance of the minimal slope, only 3 out of the 93 simulated trials that go forwardinto the confirmatory phase did not show a significant slope.The dose chosen from the adaptive scheme will be taken forward into a confirmatorytrial. Since we know the true response at that dose we can easily calculate the power ofthe confirmatory study to show a significant difference from placebo. We can select asample size for this confirmatory trial in a number of ways: using the effect size andestimate of variability from the dose-finding study, using a minimal clinically relevantdifference along with the estimate of variability, and using predictive power to accountfor uncertainty in the estimate of effect from the dose-finding study. Estimates of theaverage power of the test for the confirmatory study using these three methods of samplesizing is also shown in Table 2.The power to show a difference from placebo in the confirmatory trial shows that if weuse the minimal clinically relevant difference of 2 points improvement over placebo thenwe will overpower the study since the true effect is approximately 4 points improvement.Using the posterior estimate of the effect size at the ED95 leads to less than the nominal90% power since we are not allowing for uncertainty in our estimate of effect size in thecalculation of sample size. This is incorporated using the standard error around theestimate of effect size (as shown previously) and using predictive power methods. Wecan see that using this approach our average power is much closer to the nominal 90%power. Of course in practice all of these sample size estimates may be overridden by theneed to have a substantial amount of safety data for regulatory submission.

309/7/99Figure 8.6. Distribution of doses and estimated dose-response functions for dose-response Curves 1, 2, 5, 6 and 7 from Figure 8.1.Curve˚1

00.10.20.30.40.50.6

0.9 1 1.1 1 .2 1.3 1.4 5

0.0

0.05

0.10

0.15

0.20A

IGNED DOSE S

ProportionDo

s as s igne d ac os s all s im u ion s

0

5

10

15

20Curve˚2

0.10.20.30.40.5 0.6 0.8 0.9 1 1.1 1 .2 1.3 1. 5 0.15A S s d s s u s

0

5

20Curve˚5

1 1 5

0.20

ASSIGNED DOSE S Doses as s igne ac r os s all s u lat ion s

0

5

20Curve˚600.10.20.30.4

0.6 0.7 0.8 0.9 1 1.1 1 1.3 1.4 1. 5 S s r s s u s

0

5

20Curve˚700.10.20.30.4

1 1 5 S s r s s u s

0

5

20

319/7/99Table 2. Power of the adaptive approach assuming Curve 3 in which the maximaleffect is 4 points improvement over placebo.Terminator decisionStop (no effect)Continue toconfirmatory trialSignificanceNot significant73of slope *Significant090Total793Median samplesize at stopping255343Average power oftest inconfirmatory trialPosterior estimatesof effect size,variability0.76 (108)(median samplesize)+Minimal clinicallyrelevant difference(=2 pts)>0.99 (603)Predictive power0.92 (174)* Test of conservative estimate of slope = 0. ___+ Average power of confirmatory trial with z* (ED95 dose) and placebo to detect effectfrom known underlying dose-response curve at the chosen dose given that the dose-finding phase recommends going to confirmatory study. Nominal power=90%.Table 3 shows the same summary for the null curve (Curve 1) in which there is no drugeffect. This analysis allows provides the Type I error of this approach: any significantdifference is a false-positive. In only 2% of the 200 simulated trials do we make the(incorrect) decision to go forward into a confirmatory study.

329/7/99Table 3. Type I error of the adaptive approach compared to the conventionaldesign. Curve 1--no effect.Terminator decisionStop(no effect)Continue toconfirmatory trialSignificanceNot significant196 (98%)0of slope *Significant04 (2%)Total196 (98%)4 (2%)Median samplesize at stopping2571000* Test of conservative estimate of slope = 0. ____Table 4 shows a summary similar to that shown above for Curve 3 but for differentunderlying variance. A major benefit of the adaptive design is that it adapts to thevariability in the data. As a result, the confirmatory study will be powered appropriatelybased on the best estimate of variability from the data observed in the dose-finding phase.If variability in the data is substantially less than we would expect a priori then ourinferences can also be made much sooner and with fewer patients.However, Table 4 shows that when the variance is smaller, statistical power is not greatlyincreased. Rather, upon learning that the variance is small the algorithm stops the trialmore quickly. The median sample size required to reach the decision to go forward intothe confirmatory trial is smaller, and in fact is close to the minimum possible sample sizeof 250.These power calculations show that again the adaptive design achieves close to thenominal 90% power for the confirmatory trial for either assumed variance. The predictivepower approach takes into consideration the uncertainty in the estimate of the treatmentdifference and so achieves better power overall, albeit with larger average sample size.

339/7/99Table 4. Power of the adaptive approach vs. conventional design. Curve 3�maximaleffect = 4 points improvement over placebo, different observed variances.Terminator decisionStop (no effect)Continue toconfirmatory trialNot significant892Significanceof slope *Significant00Total892Median n1000257Power of test inconfirmatory trial +Posterior estimates;effect size, variance0.84 (42)(median n)+Min. clin. relevantdifference (=2 pts)>0.99 (213)Predictive power0.93 (60)Not significant143Significanceof slope *Significant083Total1486Median n277413Power of test inconfirmatory trial +Posterior estimates;effect size, variance0.67 (150)(median n)+Min. clin. relevantdifference (=2 pts)>0.99 (847)Predictive power0.84 (238)* Test of conservative estimate of slope = 0. ____+ Average power of confirmatory trial with z* (ED95 dose) and placebo to detect effectfrom known underlying dose-response curve at the chosen dose given that the dose-finding phase recommends going to confirmatory study. Nominal power=90%.

349/7/99From these simulations we conclude that our sample sizing and final inference acrossboth trials is appropriate. The algorithm does what it is supposed to do: adapt to theunderlying dose-response curve and to the variability in accumulating data. The dose-finding trial allows for stopping the drug�s development early�either because it has noeffect, or because the evidence is sufficiently clear to conclude that the treatment iseffective. The simulations also show that when using the results of the dose-rangingphase to sample size a confirmatory trial, the latter will very likely confirm that the doseeffect seen in the earlier trial is significant.The simulations summarized above are (loosely) based on information from theCopenhagen Stroke Database but ignoring deaths. There are a number of issues we facein incorporating deaths into the generated data set, and we must deal with these as wellwhen handling deaths in our analysis of the primary endpoint, change in SSS. Death mustbe included in some way.To include deaths in the generated data we specify the distribution of deaths for differentbaseline scores�patients with mild initial stroke are less likely to die. We must alsoaddress the relationship between dose and death. The former we may evaluate from ouranalysis of the Copenhagen Stroke Database assuming that dose levels do not interactwith baseline severity. The latter we must hypothesize at present because we have noinformation about whether and how the drug may affect the incidence of death. It may bethat the effect of dose on death is not monotone, especially when averaging over severityof stroke. Perhaps low doses have no effect on mortality, medium doses offer protectionagainst death and higher doses are linked to a mechanism that hastens death. This wouldgive us a U-shaped incidence of deaths across the dose range.We want to incorporate death into the SSS endpoint, down-weighting any benefit of thetreatment at doses when there is an increase in mortality rate. This will allow foraddressing the role of mortality in the dose-response relationship. An alternative is toevaluate the dose-response among survivors only and analyze deaths separately. But thetwo analyses�SSS improvement by dose and death by dose�must be combined in somefashion and at some point.It is far from clear how to incorporate deaths into the principal endpoint and as yet wehave not settled on a final strategy. We consider two approaches here. In terms ofneurological function one obvious solution would be to set SSS = 0 should the patientdie. This would give a negative change from baseline, which seems appropriate. A patientwho enters the trial with an SSS of 20 and dies has a change from baseline of —20.However, a patient who arrives with SSS = 40 and at the end of the study has a score of10 has a worse change from baseline (—30) and therefore a greater negative impact on theeffect at the treatment assigned.An alternative approach is to take the score at death to be the minimum SSS over theperiod of the trial, including baseline. A patient who improves but then dies nets a 0. Apatient who declines by 10 points and then dies scores —10. But it might make more senseto count them the same. Indeed, the first patient may have passed through a change of

359/7/99—10 while dying but happened not to be tested at that time. Again, survivors may havelower scores than those who do not survive.˚Figure 8.7. Example of generated data including deaths. Upper left panel: deathscored as zero. Upper right panel: death scored as minimum score observed in thetrial. Deaths are indicated as circled pluses. Lower left panel: estimated dose-response curve for Curve 1 (flat dose-response curve) but including deaths.DOSE

Y0.00.51.0

.5

-40

-20

0

20

40o

ooooo o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + green=obs, blue=im bl ac k =tru

e mn

DOSE

0.00.51.01

-20

0

20

40ooo ooo o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + + en=obs, blue=im

puted, bl k =tru

e mn

E(f)0

0.51.01 .5

0 10

15

20D/R Curv

blac k =es t, di am’ =tru

e, re

d/bl

ue=l o we ssThe plots of the data (Figure 8.7, top two panels) show the distribution of deaths acrossdoses. The first panel shows that scoring death as zero separates the distribution of scoresfor patients who die from that those who survive. The second panel (upper right) showsslightly more overlap by setting the score for death to the minimum SSS over time.The assumed dose-response curve in this example is the flat dose-response curve (nullCurve 1) and so the effect of including deaths in the data can easily be seen. For thisreason we have also investigated dose-response curves that are not monotonic (Curve 7).Figure 8.6 shows results of our simulations (without deaths) in this curve. Doses assignedhave adapted to the form of the dose-response curve and there are fewer patientsallocated in the extremes of the dose range.

369/7/99

379/7/99AppendicesAppendix 1a: Dose allocator initialization fileMAIN OPTIONS (DEFAULT IN [ ] ) VERBOSE {0; 1; 2; 3}; specifies the level of output. 0 suppresses all output (except errormessages), 3 includes extensive output (for debugging) [2] ALLOC-RULE {1; 2; 3; 4}; the method used for computing the dose allocation;1=decision theoretic myopic design, i.e., the optimal dose is computed bymaximizing in expectation a utility function related to "learning" about the dose-response curve.2=posterior quantiles: The posterior quantile rule allocates the next patient withprobabilities p = 0:2; 0:1; 0:6; 0:1 at z = 0; z10 ; z50 and z90, respectively3=random dose allocation. Let z = (z1 , ..., zJ ) denote the list of allowable doses.Random dose allocation assigns with equal probabilities p = 1=(J + 1) one of thedoses zj or placebo z = 0.4=same as 3, but using the allocation probabilities given in dose-pz [1] GEN-RULE {3; 4}. Same as alloc-rule, to be used by the generator [3] DATA-DEATH {0; 1; 2}. Indicator for coding of death. See Section 9.5 for details. Threealternative methods are implemented. Minimum score: use the minimum observed(rescaled) score as final response (data—death=0); Last score carried forward: usethe last observed (rescaled) score as final response (data—death=1); and Zeroscore: substitute yi = 0 as final score (data—death=2). ALLOC-MIN__PLACEBO (0; 1), minimum allocation probability for placebo [0.1] TERM-DYNAMIC {0; 1}, flag for using the dynamic terminator. Set the flag to 0 to getthe static terminator. See Section 10.4 [0]TERM-SIMULATE {0; 1}, flag for including forward simulation. Useful forexperimenting with different weights for sampling cost and final "nugget" in theutility function. In normal operation the flag is set to 1 [1]TERM-2NDSTUDY {0; 1}, flag for considering a second independent study in thedefinition of utilities for the terminator. See Section 10.2RECO-R1RAND {1; 2; 3}, selects alternative methods for the recommender. Allocationproportional to expected utility (reco-R1rand 1), allocation strictly by maximumexpected utility (reco-R1rand 2), or uniform allocation at any dose with aresponse within a given interval around the dose with maximum expected utility(reco-R1rand 3). Only relevant under alloc-rule 1 [1]

389/7/99RECO-K {0; 1, ..., K — 1}, number of patients today before the next one (recommenderonly [0]SIM-STOP {0; 1}. If sim-stop 1 is set then the simulator stops when either termination orswitch to R2 is recommended. Otherwise (sim-stop 0) the simulator runs until thecomplete data set patients.data is read.DIMENSIONSDATA-NMAXR1, the maximum number of patients on the data file, i.e., the maximumnumber of patients in the learning phase R1 [500]DATA-NMINR1, the minimum number of patients in R1 before switching to R2 [150]DATA-NMAXR2, maximum number of patients in R2 (relevant only under theterminator). [500]DATA-MAXNI, maximum number of observations per patient [14]DATA-DIM, dimension of the design vector xi in the logistic regression. If relevant, thisincludes a constant for the intercept and a coefficient for dose [3]DATA-NCOV, number of covariates ( data-dim (excluding dose and intercept). The designvector has the additional intercept and could include interactions [1]DATA-COVBAR, average covariate value (used to center the logistic regression[180.0]DATA-SSS0-BAR, an average value for base SSS score. This does not need to be exact.The value is only used for plausibility checks and possibly for centeringregressions [45]INCLUSION CRITERIA: BOUNDS ON SSS AND TIME SINCE STROKE TO BEINCLUDED IN THE STUDY.DATA-SSSLO, lower bound on SSS [10]DATA-SSSHI, upper bound on SSS [50]DATA-TSHI, upper bound on time since stroke (in minutes) [480]ESTIMATOR (MCMC TUNING PARAMETERS):MCMC-NITER, the number of iterations in the MCMC simulation to generate a posteriorMonte Carlo sample [100]MCMC-DISCARD, the length of an initial transient in the MCMC simulation which isdiscarded as "burn-in". [10]

399/7/99MCMC-NBATCH, batch sizes in the posterior MCMC simulation. Simulations are onlysaved after every mcmc-nbath-th iteration [5]MCMC-SPL__M {0; 1}, indicator for inference on the longitudinal model.Note: If less than 50% of the patients have complete day 90 observations thenmcmc-spl__m 1 will be automatically set.MCMC-QZ, four probabilities ffk , k = 1, ..., 4 (as fraction [0; 1] ). Posterior inference onthe quantiles EDffk is reported in q.upd and q.bayes.ALLOCATOR:ALLOC-ALPHA [0; 1]. The allocator minimizes expected posterior variance for g() = zff ,where ff =alloc-alpha. See Section 9.6 [0.50]ALLOC-K, maximum number of future patients on the next day in the myopic rule.Computing time increases linearly with alloc-k [3]ALLOC-K__S , maximum number of future patients on the next day in the myopic rulewhen running the program as simulator. Since in simulator mode the programcalls the allocator currently only once a week, this needs to be larger than alloc-k [8]YALLOC-NU, number of simulated experiments for dose z when evaluating expectedutilities for the myopic rule [200]ALLOC-NKNOTS, number of knots in the non-linear scatterplot smoother used to find themaximum expected utility in a scatterplot of simulated utilities against possibledoses. [11]ALLOC-J, number of allowable doses (compare alloc-z). [10]ALLOC-COVS, covariates x0 of the "typical" patient used for computing the optimal doseallocation described in Section 9.6.[180.0]ALLOC-Z, list of allowable doses zj.[0.00 0.125 0.25 0.375 0.50 0.625 0.75 0.875 1.00 1.125 1.25 1.375 1.500]DLM-DELTA (0:0; 1:0). Sets the discount factor ffi for the normal dynamic linear model(NDLM, see Section 9.2). A smaller discount factor leads to more smoothing, alarger discount factor leads to less smoothing. The setting should depend on thenumber J of allowable doses (alloc-J). For example, for J = 10, we recommend adiscount factor between 0:10 and 0:30. The program allows a different discountfactor for each dose.[0.1 0.1 0.2 0.3 0.4 0.5 0.5 0.5 0.5 0.5 0.5 0.4 0.3 0.2 0.1 0.1]

409/7/99Technical description: The discount factor ffi defines the evolution variance Wj in theNDLM as Wj = ffiCj—1 , where Cj-1 is the posterior variance-covariance matrix atthe next lower dose, given the responses for doses j = 0, ..., j — 1.DLM-G01, list of values G01 for the normal dynamic linear model (NDLM). Setting G01equal 1.0 gives a 2nd order polynomial NDLM (i.e., fitting local line segments).Setting G01 equal 0.0 gives a 1st order polynomial NDLM (i.e., fitting localhorizontal lines). When choosing this option, consider adjusting dlm-deltaaccordingly.RECOMMENDER:RECO-DUP, RECO-DLO, relative size of the steps up and down used for the additionalrandomization under alloc-rule 3 and reco-R1rand 3TERMINATOR:TERM-NM, dimensions of the discretized grid on m to define the table in (m; s) for theterminator (See Section 10 for a definition of (m; s)). [10]TERM-NS, dimensions of the discretized grid on s to define the table in (m; s) for theterminator. [10]YTERM-NSIM, Monte Carlo sample size for the number of simulated trials to evaluate u1. [100]TERM-NU2, Monte Carlo sample size for the number of simulated trials to evaluate u2. [100]TERM-PPWEEK, patients per week. [7]TERM-DH*, cutoff for significance calculations. [0.0]TERM-MSMIN, minimum difference (m1 — s1 ) to allow switch to R2 [0.5]TERM-LIMITN, indicator for limiting the static terminator to simulations with samplesize Nt, close to N [0]TERM-C1, cost per patient. [10]TERM-C2, payoff per point in advantage over placebo at optimal dose. [5000]SIMULATOR:SIM-NDISCARD, initial burn-in in MCMC runs for each day of the simulated clinical trial. [100]SIM-NITER, MCMC run length for each run of the allocator in the simulated clinical trial. [6100]

419/7/99SIM-FIRST__T, first run of the terminator after x weeks. [100]SIM-DWEEK__T, run terminator after each x weeks. [100]RANDOM NUMBER GENERATOR:RV-SEED1 and RV-SEED2, seeds for the r.v. generator (long integer). [981963 6843437]PRIOR AND INITIALIZATION OF THE DOSE/RESPONSE CURVE MODELDR-B, initialization for b[—1 1.0 ]DR-MB, prior mean b for b.[—1 1.0 ]DR-SB, prior variance covariance matrix b for b.[diag(10.0,10.0)]DR-MY, shift in the logistic regression in the dose/response curve.[7]DR-DY, scale dy of the logistic regression in (1).[7]DR-M__DY, prior mean dr of dy.[10]DR-S__DY, prior s.d. oedr of dy.[10]DR-SIG2, initial value for the measurement error variance s2 in (1).[50.0]DR-SIG2__0, fixed value for s2 for simulation of patients (in the simulator).[50.0]DR-M__SIG2, prior mean s2 for s2 . [50.0]DR-NU__SIG2, degrees of freedom s2 for the inverse gamma prior on s2 . [10.0]INITIAL VALUES AND PRIOR PARAMETERS FOR THE LONGITUDINAL DATAMODELLONG-M, initial values of the regression coefficients m1 and a1 in the longitudinal datamodel[0.00 0.00 —1.90 0.90 —1.15 0.96 —1.64 0.98 —0.29 0.96 —0.72 0.94—0.43 0.98 —0.53 0.99 0.16 0.93 —0.97 1.03 —0.23 0.99 —0.27 0.98 0 1]LONG-MM, prior mean m for m1.[ 0.00 0.00 —1.90 0.90 —1.15 0.96 —1.64 0.98 —0.29 0.96 —0.72 0.94—0.43 0.98 —0.53 0.99 0.16 0.93 —0.97 1.03 —0.23 0.99 —0.27 0.98 0 1]

429/7/99LONG-SM1, prior variance covariance matrix m for each row of m1[diag(1.0, 0.01)]LONG-S12, initial values for the variances s12. [0.0 24.0 19.2 12.3 7.8 9.0 3.8 6.8 19.5 12.8 2.7 2.6 2.6]LONG-MS1, prior mean s2 for the s2 vector. [0.0 24.0 19.2 12.3 7.8 9.0 3.8 6.8 19.5 12.8 2.7 2.6 2.6]LONG-NUS1, d.f. s2;j in the inverse gamma priors for each s2j. [10 10 10 10 10 10 10 10 10 10 10 10 10]

439/7/99Appendix 1b. The Initialization File init.gen for the GeneratorGENERATOR:GEN-NDAYS, number of days to cover in the generated data file[100]GEN-PDAYS, probability distribution for the interarrival times T of subsequent patients:Pr(T = 0); Pr(T = 1); Pr(T = 2); Pr(T = 3) (does not need to be normalized). [0.4 0.4 0.2 0.1]GEN-LASTONLY {0; 1}, indicator for simulating only day 90 responses (usefull fordebugging). [0]GEN-CONSTR {0; 1}, indicator for constraining simulated SSS scores to be between 0and 58 (useful for debugging). [1]GEN-F, for simulation mode only: expected response for each of the doses zj. [10 10 10 10 11 12 13 14 15 16 17 18 18]GEN-PZ, relevant only under alloc-rule=4: allocation probabilities for each dose in alloc-z. [1 1 1 1 1 1 1 1 1 1 1 1 1]GEN-PDEATH, probability of death, expressed as a logistic regression in dose z andbaseline score SSS0. Let (j) = 1=(1 + exp [—j]) denote the logistic function. ThenPr(death|z; SSS0) = a0 + a1 z + a2 (SSS0 — SSS0 ) + a3 (SSS0 — SSS0 )2 :The option sets the four coefficients a0 a1 a2 a3. Use (—10000000) for Pr(death) =0.Use (—2:0000) for a uniform P(death|z; SSS0 ) = 12%.[ —10000 0 0 0]GEN-PWEEK, probability of death occuring in week t, t = 0, ..., M , given that deathoccurs. [0 1 1 1 0 0 0 0 0 0 0 0 0 0]

449/7/999. DISCUSSIONDrug development is an extremely expensive enterprise. Part of the expense is due to thesluggardly nature of modern clinical trials. A fixed (and generally) large number ofpatients are accrued in trials having deterministic designs. It is true that many trialsemploy optional stopping via boundaries such as those proposed by O�Brien and Fleming(1979). But these designs are very conservative. The reason is that they must niggardlyprotect the overall Type I error rate of the frequentist tradition.The Bayesian approach has no such inhibitions. But Bayesians must live in a world stilldominated by frequentist attitudes. In this report we use the flexibility and naturallyadaptive nature of the Bayesian approach but with an overall goal that is consistent withfrequentist tradition. It is a Bayesian cake with frequentist icing.A ubiquitous problem in drug development is that the correct dose of a drug may neverbe adequately established. Our design takes the dose-finding issue very seriously, whilesimultaneously deciding whether any dose of the drug is effective.The first phase of our study uses Bayesian updating information about dose-response anduses a normal dynamic linear model. Should the results be sufficiently compelling (asjudged by a decision analysis) and should a highly effective dose be identified thendevelopment of the drug enters a standard randomized confirmatory trial in which drug iscompared with placebo. If the first phase establishes the drug as effective and if theconfirmatory trial verifies its effectiveness then this combination would be very powerfulevidence submitted to a regulatory agency in seeking marketing approval.There are several virtues to our approach:(1) It avoids wasting patient resources investigating uninteresting doses.(2) It stops the trial as soon as it becomes sufficiently clear that the drug is not effective.(3) It moves into confirmatory phase when the evidence suggests that such is appropriate.(4) It adapts to the actual variability in the accumulating data, perhaps stopping earlierthan would be predicted (small variance) and perhaps continuing longer than wouldbe predicted (large variance).(5) It uses a longitudinal model of the course of stroke in predicting final results for thosepatients having incomplete data, and learns about this model on the basis of thepatients accrued to the trial.The only disadvantage in our approach is that it requires a system for communicatingwith participating centers. This system must be able to update the statistical softwarebased on recent information and it must be able to relay the doses assigned in very shortorder. Such a system is expensive, but its cost is tiny in comparison with the potentialsavings that accrue from using an efficient design.

459/7/9910. ReferencesBerger, J.O. (1985). Statistical Decision Theory and Bayesian Analysis, New York:Springer-Verlag.Berry, D.A. (1993) A case for Bayesianism in clinical trials (with discussion), Statisticsin Medicine, 12, 1377-1404.Berry, D.A. and Stangl, D.K. (1996) Bayesian methods in health-related research. InBayesian Biostatistics, (D.A. Berry and D.K. Stangl, eds.), New-York: Dekker, 3-66.Carter, C. K., and Kohn, R. (1994), On Gibbs sampling for state space models,Biometrika, 81, 541-553.Chaloner, K. and Verdinelli, I. (1995). Bayesian experimental design: a review,Statistical Science, 10, 273-304.DeGroot, M. (1970). Optimal Statistical Decisions. New York: McGraw Hill.Fr�uhwirth-Schnatter, S. (1994), Data augmentation and dynamic linear models,� Journalof Time Series Analysis, 15, 183-202.Gilks, W.R., Richardson, S., and Spiegelhalter, D.J. (eds.) (1996). Markov Chain MonteCarlo in Practice, Chapman and Hall.J¿rgensen, H.S., Nakayama, H., Raaschou, H.O., Vive-Larsen, J., St¿ier, M. and Olsen,T.S. (1994). Outcome and time course of recovery in stroke. Part I: Outcome. TheCopenhagen Stroke Study. Archives Physical and Medical Rehabilitation,76,399-405.Lindenstr¿m, E., Boysen, G, Christiansen, L.W., � Rogvi Hansen, B. and Nielsen, B.W.(1991). Reliability of Scandinavian Stroke Scale. Cerebrovascular Disease, 1,103-107.O�Brien, P.C., Fleming, T.R. (1979). A multiple testing procedure for clinical trials,Biometrics, 35:549-556.Scandinavian Stroke Study Group (1985). Multicenter trial of hemodilution in ischemicstroke. Background and study protocol. Stroke,16,885-890.Thall, P.F., Simon, R.M., and Estey, E.H. (1995). Bayesian sequential monitoring designsfor single-arm clinical trials with multiple outcomes, Statistics in Medicine, 14, 357-379.Thall, P.F., and Russell, K.E. (199x). A strategy for dose-finding and safety monitoringbased on efficacy and adverse outcomes in phase I/II clinical trials. to appear inBiometrics.

469/7/99Tierney, L., (1994), Markov chains for exploring posterior distributions, Annals ofStatistics, 22, 1701-1762, (With discussion).Verdinelli, I. (1992). Advances in Bayesian experimental design. In Bayesian StatisticsIV, (J. M. Bernardo, J. O. Berger, A. P. Dawid and A. F. M. Smith, eds), pp. 467-48,Oxford: Oxford University Press.West, M. and Harrison, P.J. (1997). Bayesian Forecasting and Dynamic Models. SecondEdition. New York: Springer-Verlag.Whitehead, J. and Brunier, H. (1995). Bayesian decision procedures for dose determiningexperiments, Statistics in Medicine, 14, 885-893.Whitehead, J., and Williamson, D. (1998). Bayesian decision procedures based onlogistic regression models for dose-finding studies, Journal of BiopharmaceuticalStatistics, 8, 445-467.