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Thank you all for being willing to participate in our first Advisory Committee meeting for RFPK. The
Agendafor the meeting follows. Thisfirst meeting should be very interesting since the overall goals areto
review the work we have donein the first 11 months of RFPK, and to assess what we plan to do both in the
short (next year) and longer terms. In keeping with the wishes of NCRR, the funding unit of the NIH for
RFPK, there are very few faces who were involved with the various Advisory Committee meetings
associated with the SAAM 11 project. However, we have learned much from the SAAM |1 project, and this
isreflected in our overall strategy for software development in RFPK.

The overall goalsfor RFPK are the development and application of hew software tools for population
kinetics. While most of the money and effort in RFPK itsdlf is on the algorithm and software
design/development, we must also focus on the best way to promote the application of the new software
tools. | would like to keep thisin mind as the meeting progresses.

For thisfirst meeting, the overall goals are:

To discuss/assess the computational functionality we would like to seein the software;
To discuss/assess the standard operating procedures and quality assurance plans;
To discuss plans for service, training and dissemination.

Aswith the SAAM Il Advisory Committee meetings, | plan to serve primarily as a moderator of
discussions. Please keep whatever notes you wish, but leave them (or a copy) when you leave since
thiswill help uswrite the minutes of the meeting. A draft of these minutes will be sent to you to
annotate, and the final version created. These minutes are extremely important for us since they serveasa
top level guidein decision making.

cC: Dr. Richard Dubois



RFPK ADVISORY COMMITTEE MEETING

AGENDA

Wednesday, February 10

6:00PM

Winereception and light dinner  Casa Foster (Pick up will be arranged)

Thursday, February 11 (Electrical Engineering/Computer Science Building — Room 202)

8:00

8:30

9:00

10:45

11:00

12:00

1:30

2:30

3:00

3:30

4:00

4:30

5:00

7:00

Take shuttle from Silver Cloud Inn (coffee and breakfast rollswill be provided at the
meeting site)

Welcome and introduction to RFPK — David
{Discuss the agenda and goals of the meeting. Discuss the organizational chart for
RFPK, and personnel changes that have been made, or will be made.}

Project 1. Modeling Theory (Bell, Burke, Schumitzky) and Review of Existing Software:
NONMEM (Watrous)

What has been done
How this will impact software design/devel opment
What needs to be done
Comments on the critique of the original proposal {Point hereisto assessthe
critique of the study section (see enclosed), and how we are dealing with the issues
raised.

Coffee break

Project 2. Design and Development of Software Systems (Neate, Badner, Bell,
Watrous, Vicini)

Life Cycle Overview
SPK Concept Description {SPK isthe first software deliverable; we will present an
overview of this document, and after lunch, spend time on the details.}

Lunch {1 % hoursis planned so Advisory, Collaborators and RFPK personnel will have
plenty of time to interact on an individual basis}.

SPK Concept Description (Continued) and Project Strategy (Neate, Badner, Bell,
Watrous, Vicini)

Collaboration status report — Barrett,Vicini

Coffee/tea break

Service and Training: planned teaching mesetings — Foster
Dissamination: use of the web — Foster, Bourne

Forgotten items

Return to Silver Cloud, or remain at RFPK for additional discussion

Dinner together (Silver Cloud Inn visitors will be picked up at 6:45)



RFPK ADVISORY COMMITTEE MEETING

February 11, 1998, 202 Electrical Engineering/Computer Science Building

INFORMATION ON TOPICSTO BE CONSIDERED
Introduction

RFPK, being in itsfirst year and being the natural successor to the Resource Facility for Kinetic Analysis,
the resource which devel oped the SAAM |1 software system, provides an excellent framework for us all to
work together to produce new and innovative software tools for population kinetic analysis. In addition,
we can work to develop new ideas to promote the application of these tools so that they can be more widely
applied in biomedical and pharmaceutical research.

The following information isin support of the topics to be considered for discussion at the Advisory
Committee Meeting. First let me summarize the structure of RFPK in terms of the projects. Remember
each NCRR/BTP Resource Facility must have the following five components:

Core Research and Devel opment
Collaborative Projects

Service

Training

Dissemination

We are enclosing a copy of the proposal for Projects 1 and 2 in the RFPK grant application. This provides additional
information for those wishing it beyond what is summarized below.

Structure of RFPK

The two core research and development are summarized bel ow.
Project 1. Modeling Theory

In this project, we will develop new or modify existing theories for the algorithms necessary for
parametric, nonparametric and two-stage methods of population kinetics. For each algorithm to be
used in our software, a precise statement of the required functionality will be written with the
assistance of our collaborators to ensure their needs are met. This functionality document will be
used as the basis for the software specification, design and development in Project 2.

Project 2. Software Design and Devel opment

This project will implement the theories and algorithms devel oped in Project 1 by designing and
coding software tools which will make them easily available to the biomedical research
community. It will include specifying and designing how the user will access the theory and
algorithms. The project will include the specification, design, implementation, testing, validation,
release and maintenance of the software. RFPK will write a set of standard operating procedures
and establish a quality assurance plan that will meet IEEE standards. The software tools will be
devel oped incrementally to make testing and validation easier.

The six collaborative projects are summarized below. We have chosen these projects to include both
traditional areas of application, i.e. pharmacokinetic and pharmacokinetic/pharmacodynamic studies, and
new areas such as traditional metabolic tracer kinetic studies. We would anticipate, aswasthe casein
RFKA, that some service projects will lead to new collaborations, so thislist should change over the course
of the grant. These projects arein various states of activity; they will be reviewed at the meeting.



Project 3. Application of Population Kineticsin Clinical Pharmacology Studies (Schumitzky, Foster
and Jdliffe.

This project includes, among other things, the possibility of porting SPK to the supercomputer; we
need to assess this strategy.

Project 4. Application of Population Kinetics in PK/PD Studies: Development of Integrated
Population Pharmacokinetic/Pharmacodynamic Relationships for Antiviral Chemotherapy
(Schumitzky and Drusano)

This project will start next year.
Project 5. Application of Population Kineticsin PK/PD Studies: Population Concentration-Effect
Relationships of Cyclophosphamide Metabolites in Hematopoietic Stem Cell Transplantation.
(Schumitzky, Foster and Slattery)

This project will start next year.

Project 6. Application of Population Kineticsto Lipid and Lipoprotein Metabolic Studies (Barrett,
Foster and Huff).

Dr. Barrett will review progress and plans on this project.

Project 7. Application of Population Kinetic Studiesin Intermediary Metabolism (Cobelli, Foster,
Toffolo, Vicini, Bergman, Avogaro and Vettor).

Drs. Cabdli and Vicini will review progress and plans on this project.

Project 8. Application of Population Kineticsto Environmental Taoxicokinetic Studies (Schumitzky,
Foster, Shen, Pierce, Vicini).

Dr. Vicini will review progress and plans on this project.

Plans for Service and Training will be discussed at the Meeting. A review of where we are with
Dissemination on the Web is given below.

Software Deliverables

Whilethe end goal of RFPK will be comprehensive compartmental population kinetic deliverables with an
MS-Windows interface, we will achieve this goal by sequentially devel oping a series of deliverables which
can be used by sdlect collaborators or other software devel opers seeking comparable computational
capabilities. To evaluate where we are in the process, it is necessary to summarize our overall plan in the
development process.

There are five methodol ogies which were described in the proposal as potential for implementation: the
global two-stage, the “ NONMEM” method, Lindstrom/Bates, Maximum Likdihood, and nonparametric.
Each will be evaluated for potential implementation. Otherswill also be developed and/or evaluated as
required. Fully Bayesian will not be implemented in thefirst five-year cycle of RFPK; we feel this can
serve asthe basis for the first competing renewal for RFPK.

The ddiverables for each of the five methods are:



SPK The basic population kinetic subroutine

SDPK The subroutine that simulates population kinetic data

SCPK The compartmental population kinetic subroutine

PCPK A batch-mode compartmental population kinetic program

GCPK A compartmental population kinetic program with an MS-Windows interface

Compuitationally, specialized integrators and optimizers will berequired. Internally, these will be created
asmodules. When deemed apprapriate, these modules will be fully documented and made available to
other investigators wishing to incorporate these specialized technologies in their software products.

Each ddiverableis explained in detail below.
SPK: Subroutine for Population Kinetics

Thiswill be a subroutine that performs population kinetic analysis using the methods developed in Project
1. Thisddiverable, sinceit isthe computational workhorse for each method, will be scheduled for the
earliest possible release for use by our collaborators. 1t will thus betightly linked to Project 1 since all
theoretical work for each method must be completed before the design can start. 1t will be designed to run
on distributed systems and perhaps a supercomputer.

The user will berequired to program a specific model in order to use thisroutine. Thusthis product will not
be restricted to any specific type of modding. Itsinput values will be checked and if an error is detected, an
error code will bereturned. Thiserror code will specify the exact nature of the error from the user’ s point

of view.

An example of SPK user defined input is:

* amodd that describes the mean and variance for each data point as a function of all parameters;

* definethefixed and adjustable parameters

* definethe covariates on an experimental time line (that also includes any perturbations, i.e.
“changing the conditions’ of the experiment;

*  prescribe the measurement values (data); and

e provideinitia parameter estimates for the adjustable parameters.

The output from SPK will be the population kinetic parameters.

One major goal of this meeting isto review the Concept document for SPK. Thisdocument isat a point
where it needs to be thoroughly evaluated since we are about to hand it to the software engineers.

PDPK: Smulation of Data for Population Kinetics

This deliverable will be a subroutine that performs Monte Carlo ssimulations of population kinetic data. The
input to this routine will include the values that SPK determines (i.e. a set of parameter valuesin aformat
similar to that used by SPK). The output of this routine will be a simulated version of the data that is
required by SPK asinput.

CPK: Subroutine for Compartmental Population Kinetics

This deliverable will be a subroutine that performs compartmental population kinetic analysis. It will use
SPK to perform the population kinetics part of its work. It will include multiple methods for solving the
differential equations for compartmental models (e.g. Runge-Kutta and stiff integrators). The subroutine
will have a standard interface. The user will define the compartmental model using a data structure instead
of having to program it directly. Thus this product will requireless work, on the part of the user, than SPK.
On the other hand, it will be restricted to the compartmental modeling case. Itsinput values will be checked



and, if an error is detected, an error code will bereturned. Thiserror code will specify the exact nature of
the error from the user’ s point of view.

PCPK: Program for Compartmental Population Kinetics

This deliverable will be a program that both simulates and analyzes population kinetic data sets. It will use
SDPK and SCPK to perform the majority of itswork. It will be restricted to popul ation kinetics of
compartmental models. The user will define the compartmental model and data values using afile
structure. This product will require lesswork on the part of the user than the routine described above. This
program will be validated in accordance with IEEE guidelines. Itsinput values will be checked and if, an
error is detected, an error message will be printed. This message will specify the exact nature of the error
including exactly wherein the input file the error was detected.

GCPK: A GUI (graphical user interface) for Compartmental Population Kinetics

This deliverablewill contain a graphical user interface to invoke SDPK to simulate data sets and SCPK to
analyze data sets. The user will define a specific model using graphical drawing tools. This deliverable will
have a context sensitive help system so that specific help can be obtained for each dialog, window, or error
message. It will also read and write files that have the format used by the program PCPK. Itsinput values
will be checked and, if an error is detected, an error message will be displayed. This message will specify
the source of the error from the user’s point of view.

It isour intent that GCPK will make theinitial model development and testing process for population
kinetic analysis easy, but that PCPK will be the deliverable which, because it operates in batch mode, will
be used to generate final numerical valuesto FDA standards.

Standard Operating Procedures and Quality Assurance Plan

We have spent considerable time working on the Standard Operating Procedures that will govern all
aspects of the software development conducted by RFPK, and on developing a Quality Assurance Plan.
These will be discussed as part of the agenda. They areincluded as an appendix to this document since
they are written in html and hence, once we decide to do it, can be put on the RFPK homepage.

Concept Description for SPK

The Concept Description will be reviewed at the meeting.

Plansfor the RFPK Web site

RFPK has started to work on its website. You can find it at
http://muir.saam.washington.edu

We would request that you check the site out. There are a number of decisionsto be made as to what
information should be made available on this site.

Pointsraised by Site Visitors

The Study Section, in the overall critique, offered a number of suggestionsto be considered. These
need to be reviewed/addressed at this meeting.

1. Enhance expertise in GUI development.
2. Work out a detailed time line which includes additional user feedback during the design process with
resulting interaction. Specify intermediate milestones for the next product release.
3. Inaddition to input from “expert” users, “naive’ users should also be engaged early in the process.
Perhaps educational programs offered would be a medium for thisinput.



4. Specify standard operating procedures.
5. Consder thelinks between Projects 1 and 2, and attempt to strengthen them.
6. Moregraduate students as part of RFPK would be desirable.

For Project 1 (Theory), there were essentially no concerns except when designing the Monte Carlo studies,
there was a question concerning the decision to base all parametric algorithms on the EL'S procedure;
alternative methods more robust to model (of the mean and of the variance) misspecification are
recommended. The reviewers pointed out that various quasi-EL S methods have been proposed in which
the mean and covariance are estimated interactively in separate steps. The question is whether or not to
deal with the quasi-EL S methods.

There were a number of pointsraised in terms of Project 2 (Software Devel opment)

The design process needs feedback from (potential) user groups.

Appropriate time-lines for intermediate validation and evaluation including GUI design need to be
established.

SOP' s should be specified. The softwareis to be designed according to |EEE standards.

A software engineer with expertise in GUI design needs to be brought on board.

The linkage between Projects 1 and 2 is fuzzy, and can be worked out by carefully designing
intermediate goals and feedback strategies.

Adding only one high-end PC per year might betoo little.

Service/Training. The Study Section recommended:
Asusage builds, it will be necessary to name a full-time service and training coordinator thus freeing
the time of Hugh Barrett. There are concerns about the over-commitment of Hugh Barrett.
It will also beimportant to track usage. Tracking would indicate times when more user support or
teaching mestings are needed.
Use of the Internet (e.g. with FAQ) will be important
Adding graduate students to the Resource would be a benefit. They are an area of training not
considered in the grant. Also, a course should be planned in the Department of Bioengineering.
Department support of release time and a teaching assistant for internal courses developed would help
promote the Resource and increaseits visibility at the University.
Engage early naive users. Early feedback would be important to determine overall strategies. It might
be important to start training on a dower basis, as the new software comes on board. Also, the National
Advisory Committee should be engaged in reviewing NIH suggestions.
Space available and workstations are thought adequate for one to two persons at the time.

Dissemination: The Study Section commented:
A local full-time Webmaster should be named.

Every Resource document should be considered for posting in HTML format; this includes the SOP
and other design documents which could invite user feedback.
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SECTION 2. RESEARCH PLAN
A. Specific Aims

The objective of this proposal is to establish a new Resource Facility for Population Kinetics (RFPK) to
promote the application of computer modeling in biomedical research focusing on population kinetic analyses.
We will develop and maintain new software systems designed to address issues in population kinetics, and
support the application of these systems in biomedical research through collaborative studies, service, training
and dissemination.

The overall goal of our Resource Facility will be to provide computer modeing assistance to the biomedical
research community. To achieve this goal, we will:

1. develop new modeling technologies and apply them to study biological systems,

2. specify, design, develop, test, validate and maintain new software systems which incorporate the
parametric, nonparametric and two-stage methods of estimating population parameters in kinetic
studies,

3. provide service to the biomedical community via consultation in mathematical modeling, and in the
experimental design and analysis of metabalic kinetic and pharmacokineti ¢/pharmacodynamic data;

4. educate and train individualsin the use of modeling technology in biomedical research; and

5. disseminate our technology, expertise and accomplishments.

The development of new modeling technologies and implementing them in our software systems (goals 1
and 2) are described in Projects 1 and 2:

Project 1. Modeling Theory

In this project, we will develop new or modify existing theories for the algorithms necessary for parametric,
nonparametric and two-stage methods of population kinetics. For each algorithm to be used in our software, a
precise statement of the required functionality will be written with the assistance of our collaborators to ensure
their needs are met. This functionality document will be used as the basis for the software specification, design
and development in Project 2.

Project 2. Software Design and Devel opment

This project will implement the theories and algorithms developed in Project 1 by designing and coding
software tools which will make them easily available to the biomedical research community. It will include
specifying and designing how the user will access the theory and algorithms. The project will include the
specification, design, implementation, testing, validation, release and maintenance of the software. These
activities will follow the guidelines established by the Food and Drug Administration, and will meet IEEE
standards. The software tools will be developed incrementally to make testing and validation easier.

The application of the new technologiesto study biological systems (goal 1) is described in our collaborative
projects 3 - 7. All take advantage of the collective strengths of resource personnel and our collaborators. The
collaborative projects will not only bring together investigators from around the world to help in their research,
but will ad in designing the software, and opening new areas of application for the software. With the
integrated packages we propose to develop, we expect significant growth in both the pharmacokinetic and
metabolic kinetic areas of research.

PHS398 (Rev. 5/95) Page _ 10 JJ
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D. Research Design and Methods

In accordance with BTP guidelines, we have divided the Research Design and Methods into the following
sections:

» Core Research and Devel opment

Project 1. Theory and algorithms for population kinetics
Project 2. Design and development of software systems for population kinetics

e Collaborative Research

Project 3: Application of population kineticsin clinical pharmacology studies

Project 4. Application of population kinetics in pharmacokinetic/pharmacodynamic studies
Project 5: Application of population kineticsin lipid and lipoprotein kinetic studies

Project 6: Application of population kinetics in intermediary metabolism

Project 7: Application of population kinetics in environmental toxicokinetic studies

CORE RESEARCH AND DEVELOPMENT

Introduction

The goal of Projects 1 and 2 is the production of the software system deliverables described below. In Project
1, we describe how we will develop the necessary theory and algorithms for our population kinetic deliverables.
In Project 2, we describe how these theories and algorithms will be designed to produce easy-to-use software
tools.

Project 1: Modeling Theory and Development of Algorithms

Project Leaders: Alan Schumitzky and Brad Bell
Co-Investigators: Jm Burke, Claudio Cobdlli, David Foster, Paolo Vicini
Collaborators: David Bourne, University of Oklahoma
Roger Jelliffe, University of Southern California

Specific Aims

1 Develop convergent numerical algorithms for the parametric and nonparametric estimators in population
kinetic analysis to be implemented in Project 2.

2. Analyze the statistical properties of the estimators in Specific Aim 1: consistency, asymptotic normality,
asymptotic confidence regions and hypothesis testing.

3. Investigate efficiency and robustness of the estimatorsin Specific Aim 1 via simulation studies.

PHS398 (Rev. 5/95) Page 11 JJ
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For the parametric case, we will develop four algorithms: a "true’ maximum likeihood (ML) algorithm, a
Global Two Stage (GTS) algorithm, a NONMEM type algorithm, and a Lindstrom-Bates type algorithm. The
ML algorithm is based on Monte Carlo integration for evaluating the objective function. The GTS, NONMEM,
and Lindstrom-Bates type algorithms are all based on the extended least squares (ELS) method. For the
nonparametric case, we will develop a Mallet type algorithm for mixed effects models.

For the parametric case, consistency is a difficult issue. Consistency means that the estimated values converge
to the true values as the number of subjects gets arbitrarily large. It is important to note that the original
estimation procedures of NONMEM and Lindstrom-Bates are not consistent for general nonlinear models. The
only algorithm that is consistent relative to the true parameter values is the true maximum likelihood algorithm.
For the class of ELS algorithms we develop, there is a generalized notion of consistency, which means that the
estimated values converge to the values that best approximate the model. We will investigate the required
theory for the generalized consistency and asymptotic normality of these algorithms. The formulas for the
asymptotic confidence intervals and hypothesis testing will follow from the same theory.

For the nonparametric case, the consistency of the method, relative to the true values of the model, has already
been established. What remains then is the determination of the asymptotic confidence intervals for estimated
parameters such as means, medians, trimmed means, etc. At present these results have not been derived for the
nonparametric case. We will use the theory of maximum likelihood estimation in infinite dimensional spaces
for this purpose.

Efficiency of an (unbiased) estimator is measured by the generalized variance of estimated values, with the
Cramer-Rao lower bound being optimal. Relative efficiency of two estimators compares the corresponding
generalized variances. Robustness measures how an algorithm performs when there are violations in the model
and/or probability distribution assumptions. By utilizing Monte Carlo ssimulation studies, these properties can
be investigated without requiring asymptotic conditions.

Background

Of central interest in kinetic analysis is the relationship between a given experimental protocol and the resulting
effect. This cause/effect relationship usually differs markedly between individual subjects. By definition,
population kinetic analysis is the methodol ogy used to quantify this intersubject variability.

Population kinetic analysisis widely used in pharmacokinetic/pharmacodynamic (PK/PD) studies since it is the
key to understanding how drugs behave in humans and animals. More specifically, it provides the foundation
for the intelligent design of dosage regimens to treat disease processes. In metabolic studies, it is used to
identify which parameters in a modd change when a population of normal subjects is compared to a population
of subjects with a known pathological condition. Hereit is used to identify potential aberrant pathways which
is afirst step in planning an intervention. It is also used to analyze the action of a specific intervention in a
basdline and treated state. Finally, population kinetic analysis is necessary in situations where there is not
sufficient data on each subject to estimate the individual subject parameters.

There are three significant obstacles in such modeling efforts: (i) there is no one software package that includes
both parametric and nonparametric methods, (ii) certain methods currently in use have not had the rigorous
mathematical analysis and software design that one could desire, and (iii) current software is either limited in
modeling capabilities or is not user friendly. That is, available software packages that have general modeling
capabilities, do not have a user friendly graphical interface for mode definition and data handling; and available
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software packages that have a user friendly graphical interface, allow only a limited pre-determined set of
possible models.

In this research project, we propose to devel op a population modeling package which corrects this situation.

This proposal brings together a unique group of researchers to overcome these problems by developing a
population kinetic analysis program that includes both parametric and nonparametric methods. Existing theory
will be rigoroudy reviewed, and new theories developed. Access to the computational machinery and data
handling will be implemented using modern software engineering philosophy. The result of the proposed work
will be a software package that is powerful, flexible and easy to use.

Preliminary Results

Our results here apply to both parametric and nonparametric population models. They are described in detail in
Schumitzky (1991ab, 1992, 1993, 1995) and Spidler and Schumitzky (1993). (Because of the large number of
referencesin Project 1, references are cited using parenthetical documentation. The Reference List isat the
end of the Project 1 description.)

Theoretical and algorithmic devel opment

Schumitzky (1991a, 1992, 1993) considered the nonparametric approach. Maximum likelihood estimation was
analyzed. Various implementations of this method were studied. These included the Nonparametric
Expectation-Maximization (NPEM) method (Schumitzky, 1991a), and the variation (Schumitzky, 1993) of the
Nonparametric Maximum Likelihood (NPML) method of Mallet (1986). In these papers, consistency and the
ability of these nonparametric methods to handle routine clinical data were confirmed by careful ssmulation
studies.

Our work on extended least squares (ELS) estimators was initiated in Spieler and Schumitzky (1993). There
we analyzed the NONMEM algorithm based on first order linearization (Beal and Sheiner, 1982, 1992). Our
main results concerned the consistency of such estimators. When the linearization is centered about the assumed
true population parameters, we showed that the resulting estimator is not consistent. When the linearization is
centered about the current Bayesian estimates of the individual parameters (Lindstrom and Bates, 1990), we
showed that the resulting estimator has better consistency properties. Although classical consistency was not
expected for this latter case either.

More general work on ELS estimators was done in Bel and Schumitzky (1997ab). There we developed a
numerically convergent algorithm for calculating these estimators, and derived the generalized notion of
consistency and asymptotic normality for this situation. Formulas for the asymptotic confidence intervals for
such estimators follow directly from these results.

Software devel opment.

Schumitzky and his colleagues at USC have developed a population kinetic analysis program package: NPEM
(nonparametric EM algorithm). The current NPEM program accommodates the linear three compartment
model used by the current USC* PACK clinical programs and by the Multiple Model dosage regimen program,
and has been part of that package for over three years, see (Schumitzky et al. 1994) and (Bayard et al. 1994).
Thismodd permits up to 7 PK parameters.
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The NPEM program estimates the population parameter distributionsin PK models from routine clinical data. It
runs on a PC. It is based on the nonparametric EM algorithm (Schumitzky, 1991a). A key feature is that no
parametric assumptions about the form of the population distribution are required. Thus this approach will
discover populations with unanticipated non-normal and multi-modal distributions. The parametric methods, in
contrast, cannot do this.

Bell has designed the numerical kernel of SAAM I1, which includes a number of new numerical routines. One
such routine allows for estimation of parameters and weights in multiple data sets (Bell, Burke and Schumitzky,
1996). Bdl (1995) has also developed a new numerical algorithm for implementing the Iterated Kalman filter
which will be useful in the population kinetic analysis program in the parametric case. Bell has worked on
design of large systems programs and graphical user interfaces. Bell is also the co-developer of the Matrix
Language O-Matrix (Bell, Paidey and Trippel, 1994).

POP3CM

Substantial progress has been made in the development of a mixed effects parametric program. The program
accommodates the open two compartment model with multiple inputs with a graphical user interface. More
general modes are readily available. For example, the nonlinear glucose/insulin minimal mode has been
developed. For the two compartment model, a general analytic solution for the multiple dosing case is
employed. The partial derivatives of the solution with respect to the microparameters are also calculated
analytically. These analytic derivatives are used to provide analytic gradients for the resulting optimization
algorithms described in Specific Aim #1. A prototype version of the parametric program has been written by
Bdl in the language O-Matrix.

Methods

SPECIFIC AIM #1. Develop convergent numerical algorithms for the parametric and nonparametric estimators
in population kinetic analysis to be implemented in Project 2.

We begin by stating the problem precisdy and define the relevant notation. Also for convenient equation
referencing, we will label sections and equations numerically.

1. Problem Statement / Mixed Effects Modd s

Consider a sequence of experiments. Each experiment can have its own experimental protocol. Mathematically,
each experiment is represented by a collection of finite dimensional random vectors (yi, X, V), i=1,..., N. The
random vector y; is observed. The random vector x; takes values in a finite dimensional set X and is not
observed. (The {xj} are the random effects.) The vector v takes values in a finite dimensional set V and is not
observed. (The components of v are the fixed effects.) The components of y; contain all the measurements for
the i™ experiment, e.g., serum concentrations, urine amounts, etc. The components of x; represent the unknown
model and noise parameters for the i™ experiment that change from subject to subject, e.q., rate constants,
volumes, Michadis-Menten constants, etc. The components of v represent the unknown modd and noise
parameters that do not change from subject to subject, e.g., scale parameters in the variance of the measurement
noise.
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It is assumed that the conditional density pi(yi | v, Xj ) of yj given v and X; is known. This conditional density
pi(yi | v, Xj) completely describes the probabilistic model for the i subject. In the biostatistical literature, such
models are said to have "mixed effects’, i.e., both fixed effects v and random effects xj.

We consider the general nonlinear regression model of the form:
(1.1) yi = Hi(v, %) + Gi(v*, Xi) &

where H;j is a known continuous vector-valued function and G;j is a known continuous matrix-valued function
which is assumed to be positive definite H; and Gj depend on all the experimental conditions of the i
experiment, e.g., dose amounts and dose and sampling times, forcing functions, and other covariates. The

vector v* is the true but unknown vector of fixed effects. The {g} are independent multivariate normal random
(noise) vectors, each with zero mean and unit covariance. The {g} and {x;} are mutually independent. One of
the strengths of our estimation procedure is the ability to include unknown covariance and model parametersin
the matrix G;j (Bdll and Schumitzky, 1997ab).

Given themodel (1.1), it iseasy to define pj (yi | v, X ), namey

(1.29) piilv.xi) = k(yi-Hi(v,xi), R(v, %)), Riiv,x)=GiVx)TGi (v, x)

where k(y, D) is the multivariate normal density function
1 . .
(1.2b) k(y, D) = [(2p)9 det D] Y2 exp{- > yTD-ly}, gq=dimensionofy.

What connects al the experiments together is the following basic assumption:

The {xj} are independent and identically distributed with common (but unknown) probability distribution F*
defined on X.

The population kinetic analysis problem is then to estimate v* and F* based on the data {y;}.

Definition of Maximum Likelihood

Let thedata{y,...., y,} befixed. Given aparameter v, and adistribution F, the density of y; is.

(1.3 pi (Vi |v.F) = 8 pi (vilxV)dF(X).

By the independence assumptions on {g} and {xi}, the{y;} are independent, and the log likelihood of the datais
N

(1.4) Lv,F) = & logp (i|v, F).
i=1

Let F be a set of probability distributions on X. A probability distribution FML e F and a vector vML e V will be
called amaximum likelihood estimate of (v*, F*), if

(1.5 (WL FML) = argmin {L(v, F): veV,FeF}
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In the parametric case, F is assumed to be a family of distributions defined by a finite number of parameters. In
the most important example, this familyF is the class of all multivariate normal distributions with unknown
mean vectors and unknown covariance matrices. In thenonparametric case, F is assumed to be the family of all
distributionsdefined on X.

Basic Reguirements

No matter what estimation procedure is used, the following requirements should ideally be satisfied.
1 Procedure is numerically convergent

2. Procedureis consi stent.

3. Procedure can handle routine clinical data. (Aslittle as om data point per subject.)

4. Procedure provides confidence intervals for all estimated parameters.

For all of the methods we propose in this grant application, we will investigate these basic requirements. Note,
for the nonparametric case, Item 4 will apply to the estimated means, medianscovariances, etc. of the estimated

distribution F .
2. Two Stage Methods

Two Stage Methods are the simplest algorithms in population kinetic analysis. They only apply in data rich
situations, so they do not satisfy our Basic Requirement 3 (routine clinical data). However, they will be

appropriate for many of the studiesin the Lipid Metabolism and Intermediary Metabolism collaborations. They
are important because they can be applied in cases where the models are so large that most other methods of

population kinetic analysis are notbe feasible.

Assume enough data are available for each subject in the population to accurately estimate that subject's
unknown parameters. (This assumption violates Requirement 3.) Thus for the™ subject |et

X = some estimate of x; based on y;

and
Vj = someestimate of Cov[ X ].

Usually X is determined by an extended least squares algorithm andV; is determined by the corresponding
asymptotic analysis (Bell, Burke andSchumitzky, 1996) and (Bell andSchumitzky, 1997ab).

Standard Two Stage

The Standard Two Stage (STS) method is nonparametric and can be defined as follows: Thenonparametric
estimator FS of F* is given by the empirical (or sample) distribution of the{ X }. FS is a discrete distribution
with mass /N at each point X,. Notethat FS uses the original data{y;} only through the estimates{ X }, and
completely ignores the{V;} information. Nevertheless this estimator is easy to calculate and can be very useful.
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From the distribution FS any desired population statistics can be estimated. For example, the estimates of the
mean and covariance are given by:

S

Qo=

N
m )A(i D® :%é ()’ii - ms)()A(i - mS)T

i=1 i=1

-1
N

Finally, the STS estimates of the population mean vector and covariance matrix can be used as starting values
for the more complicated methods to be described below.

Globa Two Stage

The Global Two Stage (GTS) method is parametric and is considerably more complicated than the STS method.
The GTS method is one of the oldest population analysis methods in the literature. It first appearsin the work of
Mones Berman in his original plans for SAAM. One of the first references to this method appears to be a 1967
thesis of K. Pettigrew (1964), see Lyneet al.. (1992).

The GTS method is motivated as follows. First it istentatively assumed that

)A(i =Xtu U - N(O’\/i)
In al that follows, we use the notatiort x ~ N(m, D) to mean that the random vector x has a multivariate normal
distribution with mean vector m and covariance matrix D. Thisis known to be approximately true if there are
sufficiently many data for thei" subject (Bell, Burke and Schumitzky, 1996). Next, it is assumed that

X ~ N(m*, D*), where m* and D* are unknown. For independent{xj} and{u;} it follows:

(2.1) Ro=mF+w, w ~N(O, Vi + D*).

Given these assumptions, the GTS estimates of m* and D* are the vector m and positive definite matrixD that
minimize the function

(2.2a) Jo(m,D) :_éN logdet S +r"S'™r, S=V,+Dand r,=%-m
i.e, :
(2.2b) (fh, D) =argmin{J,(m, D)}

Note that the GTS method uses the original data{y;} only through the estimates{ X. , V}.

GTS Algorithms

The GTS optimization problem (2.2) is of relatively high dimension. If the dimension oK is equal to g, there
are d= g+g*(gq+1)/2 freevariablesin the pair(m, D). (Thus for example, if g =9, then d = 54.) Because of
this, there have been many algorithms proposed for its solution.
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GTS agorithms basically fall into two categories: direct and indirect. The indirect approach relates the GTS to
an EM algorithm. SeeSteimer et al. (1985) and Schumitzky (1995) for a more detailed discussion. In the case
of very large models, this EM approach may be the only one feasible. The direct approach minimizes (2.2)
directly. Thisgivesriseto a problem of the ELS type. Thisis the method we will investigate, as we will also
use this ELS method in the NONMEM andLindstrom-Bates type algorithms.

For the direct approach, our algorithm takes advantage of three important numerical features of the problem:
elimination of constraints by factorization, reduction of dimensionality, and the use of analytic derivatives.

Elimination of constraints by factorization. The matrix D in J(m, D) is constrained to be positive definite. This
is equivalent to a complicated system of nonlinear constraints involving the components oD, namely, that all
the principal minors of D are positive. On the other hand, D is positive definite if and only ifD admits the
Cholesky factorization: D = C CT, where C is a lower triangular matrix with positive diagonal elements. Thus
the original constraints onD are equivalent to the ssmple linear constraints that the diagonal elements ofC are
positive. An equivalent objective function is then givenby K(m, C) = J (m, C CT).

Further reduction of dimensionality. Define

2:3) mC)=[a S'T'a S'%

i=1 i=1

Then for each fixed C, m(C) minimizesK(m, C). (Note that the partial of K(m, C) with respect to mis zero at
m(C) and that K is convex inm.) Thus an equivalent objective function is givenby L(C) = K(m(C), C), where
C is positive definite. Now the objective function L(C) hasq fewer variables than thefunction K(m, C).

Analytic derivatives. Many optimization methods require the gradient of the objective function. The following
result yields a formula that is faster and more accurate than approximating the derivative by function
differences. The partial derivative ofK(m, C) with respect to the (i,j)" component of C, isthe (i,j) component of
the matrix M:

(2.4) M=2[a S§1-351rnTs1l]cC.

A similar formulais given irdamshidian andJennrich (1993, eq. (27) ).
We propose to implement the above GTS type algorithm for Project 2.
Linear Models

The GTS machinery described above can easily be extended to a dightly more general situation. This will be
important in the next section. Therefore define the linear Gaussian) model by the system:

(2.5) Vi = Aixp+up, i=1...,N
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Here Aj is a known matrix; xj ~ N(m*, D*), where m* and D* are unknown; uj ~ N(O, Vj), where V; is known.
Further assume{x;} and{uj} are independent. The problem isto estimate(m*, D*) based on the data{y;}.

The objective function for this problem is exactly the same as that given in (2.2) where now:

(2.6) S =V, +ADAT, ri=zvyi-Am

Formulas (2.3) and (2.4) can then be easily extended to this case as seen inJamshidian andJennrich (1993) egs.
(26)-(27).

3. Parametric Case - Nonlinear Mixed Effects Models

Consider again the model ofeq. (1.1):

(3.12) yi = Hi (v, x) + Gi(v', %) €

and now assume that

(3.1b) X ~ N(m*, D*), & ~N(O, I;)

where m* is an unknown mean vector, D* is an unknown covariance matrix, andl; is the identity matrix of
dimension depending oni. Thus each subject may have a different number of observations.

Thus for given values of m, D and v,egs. (3.1ab) imply that the individual likelihood and log likelihood are:

(32)  piGiIvmD) = § piilvx) p(x|mD)d
(3:20) L(vm.D) = & log p,(y, |v,mD)
where -

Pi (Vi | v, X) = k(yi -Hi(v,x), Ri(v,x)), p(]|m, D)= k(xm,D).
Recall that k(-, -) isthe multivariate normal density function defined irqg. (1.2b).

The maximum likelihood estimate(v, m, I5) of (v, n*, D*) isthen defined as themaximizer of L(v, m, D) in eg.
(3.2b), i.e,

(3.20) (U, D) = arg max{L(v, m, D)}

Computational Considerations

There are two computational problems in determining the maximum likelihood estimate(V,f, D): the

integration ineq. (3.2a) and the optimization ineg. (3.2c). Of these two problems, the integration is the most
serious one. For typical PK/PD problems, x can be 10 dimensional or greater, so the integration ineg. (3.2a)
poses a formidable numerical problem.

PHS398 (Rev. 5/95) Page _ 19 JJ




JJ Principal Investigator/Program Director (Last, first, middle): Foster, David M.

There have been only a few algorithms proposing to attack this problem directly. One such is the "smooth
nonparametric’ method of Davidian and Gallant (1993). In their approach, the integration is performed by
Gauss-Hermite quadrature. Thisquadrature method is very efficient for integrals of the type ineg. (3.2a). The
drawback is that this quadrature formula depends on the values of (m, D); and must be reapplied at each
evaluation of the objective function in the optimization ofeq. (3.2c). We therefore propose using a quadrature
formula which is independent of the values of(m, D). For the NPEM algorithm (Schumitzky, et al., 1994), we
have had particular success with the quas Monte-Carlo integration method ofKorobov, see Deak (1990).
Recent work on the Monte-Carlo integration required for the optimization ineq. (3.2c) (for relatively high
dimensionalx) is discussed in Geyer (1996).

The optimization problem in (3.2c) must also be addressed. We have used the derivative-freeNelder-Mead
algorithm (Press, et al. 1987, p. 289) for similar optimization problems in NPEM2 $chumitzky, et al. 1994).
Also gradient methods, like conjugate gradients (Press, et al. 1987, p. 301), can be used. In this case the
derivative of L(v, m, D) must be calculated. Formulas for these derivatives are given in Schumitzky 1995).
These derivatives can be calculated using the same type ofquadrature formula as used for L(v, m, D).

We propose implementing this true Maximum Likelihood (ML) algorithm in Project 2, at least in situations
where the dimension of the vector x is small to moderate.

This ML method is consistent and asymptotically efficient under very general hypotheses. Further all of the
Basic Requirements are satisfied. Thus this ML method can then be used as a standard to which the two stage
methods and linearization methods (described below) can be compared.

NONMEM

The first serious population kinetic analysis method was the NONMEM NONIlinear Mixed Effects Model)

algorithm of Beal and Sheiner (1982). In the original version, afirst orderlinearization of eg. (1.1) resulted in
the approximate equation:

(3.3) v » H. (v,m) +ﬂ—"L H, (v, m)(x, - m) +G, (v, m)e

It followsthat p,(y, |v,m,D) » N(r,,U,) where

b =Y, H(vm), U, =[a-H,(v.m)]" D[ H, (v, m)] + R (v, m)
ix ix

In this case, maximizing the corresponding approximate likelihood function is equivalent to minimizing the
function:

N
(3.43) J,(v,m D) = Q [logdetU, +rU ]

i=1
The NONMEM estimate (V, i, D) of (v*, n*, D*) is then theminimizer ofJ; with respect to (v, m, D); i.e.

(3.4b) (U,m, D) = arg min{ Ji(v, m, D) }
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The NONMEM algorithm satisfies the Basic Requirements 3-4. But it was shown bySpieler and Schumitzky
(1993), and Vonesh and Chinchilla (1997, p. 353 - 358) that for nonlinear models, the NONMEM algorithm
using " first order linearization" is not necessarily consistent.

This inconsistency of NONMEM is not surprising. Whenever there is an approximation to the origina
maximum likelihood problem, the consistency of the maximum likelihood method is lost. However, the
NONMEM method defined above satisfies a generalized notion of the consistency property found in all ELS
estimators. This means that the estimated values converge to the values that best approximate the model

relative to the limiting objective function, see White (1994) for more details. Further, under suitable
hypotheses, such ELS estimators also are asymptotically normal. Whether or not these generalized notions of

consistency and asymptotic normality can be exploited will be studied. At the minimum, these generalized
notions imply that the corresponding estimators are converging to something in avell defined way.

We propose to implement the above NONMEM type algorithm in Project 2. Special attention will be focused
on the numerical convergence of theminimizer in (3.4b), see Bell andSchumitzky (1997a).

Lindstrom - Bates Method

In the linearization of eq. (3.3), the random vector x; is approximated by its mean valuem. To improve upon
this approximation, Lindstrom and Bates (1990) proposed a refinement of thelinearization whereby the random
vector X is approximated by its Bayesian estimate X (defined below). The origina method as derived in

Lindstrom and Bates (1990), required that
Gi (v, ¥) = Gi (v)

be afunction of v only. This then leads to alinearizationof eqg. (1.1) of the form:
(3.5 y, » H, (v, )A(i)+ﬂ1Hi(v, X)X - X)+G (v)e
X

where X is defined by the optimization problem
(3.6) X =argmin{J2(v, m,D, x): xeX}

Jo(v,m D, x) = (x-mTDLx-m)+ (yi -Hi(v,))T[RM]1Hi - Hi (X))
Now, conditional on X, it follows that

p(yi | v, m D,%) = k(gi, W)

where

q =Y - Hi(V’)’ii)+1Hi(V’ %)(% - m)
X

_ T NN | .
\Ni _[ﬁHi(V’ Xi) DﬁHi(V’Xi)]-*_Ri(V)
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In this case, maximizing the corresponding approximate likelihood function is equivalent to minimizing the

function:
N

3.7) Jv,mD) = g logdet W +qi T (W )L,

i=1

Since the optimization problem ineg. (3.6) is defined in terms of the unknownparametersv, m, D, an iterative
algorithm is proposed as follows:

(3.8a) Chooseinitial conditions(v, m, D)0. Substitute these valuesin eqg. (3.6)
(3.8b) Calculate x. fromeg. (3.6), fori =1, ..., N. Substitute these vectorsinto eg. (3.7).

(3.80) OptimizeJs with respect to (v, m, D) to get updated estimate (v, m, D). Goto (3.84).

Computational Considerations

A prototype version of this algorithm has been written by Bell in the language O-Matrix (Bell, Paisley and
Trippel, 1994). There are two optimizations in the algorithm defined byeg. (3.8). The optimization in eg.
(3.8b) is done using a nonlinear leastsquares algorithm. The optimization ineq. (3.8c) is done using the
conjugate gradient algorithm. This version of theLindstrom-Bates method is employed in our current version
of the POP3CM program.

GeneralizedLindstrom - Bates Method

We now consider the case when G;j (v, X) is a function of v and x. This corresponds to modd weighting of data
as opposed to the less rigorous data weighting. Equations (3.5)-(3.7) become:

(3.5 Y HLW %)+ 2 H ()0 - )+ G(v. R )e

where X is defined by the optimization problem

(3.6)' X =argmin{Jz(v, m, D, x): xeX}

Jo(v, m, D, x) = é [ -mTD1(-m)+ (yi -Hi (v, x))T[R (v, x)]" (i - Hi (x))
) + log det Ri (v, %) ]

Solving the optimization problem (3.6)' is more complicated than (3.6). However, such problems were studied
in Bell andSchumitzky (1997b).

Now conditional on X, it followsthat p(yi | v, m, D,X) = k(qgj , Wi ), where

)l

q =Y - Hi(V’)’ii)+ﬁHi(V’)’ii)()’ii - m)
L IR T A
W == ﬂXHi(V’Xi) DﬂXHi(V’Xi)]+Ri(V’Xi)
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In this case, maximizing the corresponding approximate likelihood function is equivalent to minimizing the

function:
N

3.7) Jv,mD) = g logdet W +qi T (W )L,

i=1

The new algorithm then is the same as defined in (3.8) but with (3.6), (3.Y replaced by (3.6)', (3.7)". We
propose to implement thisLindstrom-Bates type algorithm in Project 2.

Remarks,

a) The agorithm defined in (3.8) does not lead to an Optimization Estimator as defined in Specific Aim #2.
That is because there is no one fixed objective function to be optimized. Further, there is no proof of
convergence for this algorithm.  One way of modifying this algorithm is as follows For fixed (v, m, D) write
X ineg. (3.6) as X (v, m, D). Then the function J3(v, m, D) defined by (3.7) is afunction only of (v, m, D),
albeit more complicated than before. We will investigate the possibility of modifying thelindstrom-Bates
algorithm so that thereis a proof of convergence and the resulting algorithm is computationally feasible.

b) We emphasize that the three algorithms proposed of GTS type, NONMEM type and Lindstrom-Bates type,
areall formulated as an EL S problem. So much of the work on these three algorithms will overlap. Further, the
numerical algorithm proposed for solving ELS problemswill be based on the results of Bell and Schumitzky
(1997ab). This should lead to a proof of convergence for these algorithms.

4. Nonparametric Methods

In the nonparametric approach, no parametric assumptions about the form of the underlying population

distribution are made. The entire distribution is estimated from the population data. It thus allows for heavy-
tailed, non-normal, andmultimodal distributions.

From acomputational standpoint, thenonparametric approach has many desirable features which are not
shared by any of the parametric methods.

» Thelikelihood functionL(v, F) is a concave function of the distribution F.

» Thelikelihood functionL(v, F) has anunique global maximumwith respect to F.

No local extrema or critical points asin parametric methods
» Algorithm for calculation maximum likelihood estimates based on convexity theory

Avoids linearization. Avoids numerical integration.

From a statistical standpoint, thenonparametric approach also has many desirable features.
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o Estimator is consistent.

» Estimated distribution can discover "hidden"covariates, such as would occur, for example, in a population
of fast and dlow acetylators.

» Estimated distribution has a discrete densiy.
The detection of hidden covariates was used by Preston and Drusano (1996) to discover unexpected
subpopulations in clinical trials withganciclovir. The discrete density was used inBayard et al. (1994) to

determine optimal dosage regimen design. Further, this discrete density for the estimated prior distribution is
the basis for the Multiple Modéd dosage regimen programs described in Project 3.

Random Effects Models

We again focus our attention on the maximization problem ofeg. (1.5). We first describe our approach only for
the random effects case. Thus assume that the conditional densityp;j (yi | X) does not depend on any unknown

fixed parameter v. In thiscase, for an assumed distributionF, the density of y; isgiven by:
pi i |F) = 8 pi (vi | ¥) dF(x).

By the independence of the{y;}, thelog likelihood of the data is

L(F) = & log piyi | F).

i=1
But now assume that the family of allowable distributiond= is the family ofall distributions defined onX.

A probability distributionFML will be called a maximum likelihood estimate ofF* if :

(4.2 FML = arg min{L(F): F eF}.

The following theorem was proved by Lindsay (1983, Section 3) and by Mallet (1986, Section 3):

Let gi (X) = pi (Yi | X) be continuous on X. Then FML can be found in the class of probability distributionswith
discrete measures supported at N (or fewer) pointsin X. (N = number of subjects.)

This beautiful result still leaves a formidable optimization problem to be solved if attacked by direct methods.
A discrete distribution F supported at M points depends on parameters.

Q =support (F) = {X,,... x,}, X eX
M

W =weighs(F) ={w,---,wy,} w; 3 0 and éwi =1.
i=1

In this case write F = F(W, Q). The number of free parameters inF(W, Q) isthend = M*q + M - 1,
g=dim(X). For example, if g=4, M =188 then d=939.
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However, it is also shown in Lindsay (1983) and Mallet (1986) that (4.1) is equivalent to certainwell known
problems in optimal design and convexity theory. Additionally, Schumitzky (1991a) provided two
nonparametric EM algorithms for solving (4.1) one "Continuous' and one "Discrete.” The Continuous EM
algorithm is utilized in the USC-PC Pack programs Schumitzky, Jelliffe and Van Guilder, 1994). Other
optimization techniques are discussed inSchumitzky (1992, 1993), Bohning (1988) andLaird (1978).

Algorithms

To state these algorithms, we need some additional notation. We first discuss a special case of the relationship
between a probability distribution F and its corresponding probability measuredF. namely the case where the
measure is discrete with finite support.

DefinetheDiracmeasure dg by: dq(A)=1, ifgeA and dy(A)=0, ifqgl A,

for any Bord set AinX. Then a probabilitymeasure dF is said to bediscrete with finite support if:

dF =4 wdg, where g1 X,w; 20 and Jw, =1

i=1 j=1

The set of points{q,,..., g, } iscalled thesupport of F. For any function g(q) defined on X, it follows:
do(a)dF(a) = a w,g(a))
j=1
Next, we define a function which isimportant in allhonparametric approaches:

D(x,F):%%- N  D(F)=maq{D(xF): xI X}

where Sis some subset of X. The function D(x, F) is essentially the derivative of L(F) in the direction of the
discrete distribution supported at x. The importance of this function is seen in the following Equivalence
Theorem of Kiefer and Wolfowitz( see Lindsay (1983) and Mallet (1986) ):

(4.2) F = FML if and onlyif D(F) = 0.

The basic algorithm is due toFedorov (1972).

Basic Algorithm

1. Let dF = § w,dg, bethe current candidate for the measuredFML.

i=1

2. CalculateD(F). If D(F) = 0, then F = FML, Stop.
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3. Let g, eagmax{D(q,F): geX} anddefine dF, = (1-s) dF + sdq,,,-

Then let s = argmax{ L(F ): s€01] } and dF _, = dF__
4. Set dF = dF_ andgoto Step 1.
It is shown in (Fedorov 1972) that the Basic Algorithm generates a sequence of likelihood increasing discrete
measures which tend to FML as the number of iterations tends to infinity. It is further shown that the line
search problem required in the definition ofs  has an analytical solution. The main drawback of this

algorithm is that the number of support points of F isincreaseckt each iteration.

Mallet Algorithm

Mallet has suggested two improvements to the Basic Algorithm. The first improvement is to add an
additional optimization of F , in Step 3, now with respect to all the weights {w} keeping the support points
{q} fixed. The second improvement is to restrict the number of support pointsinF  to be less than or equal

to N without decreasing the likelihood. The resulting algorithm has the same convergence properties as the
Basic Algorithm. The Mallet algorithm is significantly more efficient at the expense of being more
computationally intensive. The exact details of this algorithm are found in (Mallet 1986).

Remarks.

a) TheFederov/Mallet algorithm generates a sequence of likelihood increasing discrete measures which tend to
FML as the number of iterations tends to infinity. Consistency of the corresponding estimateFML then follows
from the theory of Kiefer-Wolfowitz (1956, Result (2.12) ).

b) In the Mallet algorithm, the optimization ofF  in Step 3, with respect to all the weights{w} is done by a
convex program. This optimization can be more simply performed by an EM algorithm Schumitzky 1991a,
1993) asfollows:

IfF_ = F(W, Q) with W= {w,,..w }, then set

(4.3) w'=a px [y, F) Ws{w' o wy'}
p(y; | x;)

h i 'lF = i ! .

where p(xJ|yI ) W’—p(inF)

It is shown in (Schumitzky 19914a) that L(F(W,Q)) £ L(F(W',Q)). The iteration in (4.3) is thenperformed
until "convergence'.

The only drawback of this ssmple algorithm is that the convergence is very slow. However, numerous
acceleration methods are available (see, Jamshidian andJennrich (1993), Silvey, Titterington and Torsney
(1978), and Bohning, D. (1985) ). Additional variations on the~ederov/Mallet Algorithm have been suggested
by Bohning (1985, 1988).
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c¢) Thestopping rulein Step 3 isimplemented in practice as follows:
Giveneps: If D(F) £ eps. Stop.
It then follows from Federov (1972) that 0 £ L(FML) - L(F) £ eps.

d) Starting values for Q and W are easily found. For example, the ML or MAPestimate for each individual x
isusually very good. And it suffices to takew = 1/M.

We propose to implement the above Mallet type algorithm in Project 2.

Additionally, we will investigate improvements on this algorithm based on recent developments in convexity
theory. For example, the Mallet algorithm is essentially a steepest descent method on the space of probability
measures. Steepest descent methods in general can be very dow. Higher order convergence rates may be
possible using interior point methods, seeNesterov and Nemirovsky (1994).

Semi-Infinite Programming

One approach that has yet to be serioudly considered is the connection between the optimization problem (4.1)
and certain semi-infinite programming problemsl(esperance and Kalbfleisch 1992, Section 3.3). Let W be
the positive orthant inN dimensional Euclidean space and foru = (u,, .., u,) inU, define the functions

kw=aloguy Kux)=gqgxu-N whee g(x) =p(y X

i=1 i=1
Consider the semi-infinite programming problem:

(4.4) Maximizek(u) over U subject to the congtraints. K(u, x) £ 0, for al x inX.

It is shown by Lindsay (1983) that from the solution to (4.4), one can obtain FML, In particular, if u* is the
optimal solution to (4.4), then the support of FML s just the finite set on which the constraints are active, i.e.
K(u*, x) = 0.

Problem (4.4) requires the maximization of a ssmple concave function subject to an infinite number of linear
constraints, of which only a finite number can be active.Such semi-infinite programming problems were
studied by Bell (1990). Also relevant are new results in the theory of barrier methods, seeKaliski et al.
(1966) and interior point methods, see Nesterov and Nemirovsky (1994). We aso note that the methods of
Kaliski, et al. (1996) have been developed for parallel computers. We propose to investigate this semi-infinite
programming problem as a means of solving thenonparametric maximum likelihood problem.

Mixed Effects Models

Assume now that the conditional densityp(y; | v, % ) aso depends on the fixed parameter vector v as in eq.

(1.2). Here there is a problem with most of the nonparametric algorithms. Namely, solving the optimization
problem:
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(4.5 (WL, FML) = argmax {L(v, F): (v, F) e(V, F)}

requires finding: FML = arg max{L(v, F): FeF}, for each fixed v and then optimizing overv. Thisis called
"Profiling." For small dimensional thisis a reasonable method. But for moderate to large dimensionalv, this
procedure is very inefficient. The theory of convex optimization shows how to do the maximization inv and F
simultaneoudly, see Clark (1983). Important in this approach is the fact that Step 3 in the basic algorithm above
resultsin a steepest descent method. We propose to devel op this approach.

SPECIFIC AIM #2. Analyze the statistical properties of the estimators in Specific Aim 1: consistency,
asymptotic normality, asymptotic confidence regions and hypothesis testing.

Consistency - Parametric Case

In the parametric case, the only method with proven consistency properties is the true maximum likelihood
method of egs. (3.2). In Spider and Schumitzky (1993), a methodology based on the Prediction Error Method
of Ljung, see Caines(1988), was initiated to analyze the asymptotic properties of estimators defined by
algorithms such as NONMEM and Lindstrom-Bates. Using this methodology it was proved, for example, that
the NONMEM method was not consistent for general nonlinear models. Also a ssmple example was given to
illustrate thisfact. A similar exampleis given iiVonesh and Chinchilla (1997,pp 354-357). The Lindstrom-
Bates algorithm (defined above by egs. (3.6)-(3.8)) was consistent for this example, but this was just a special
case. In general, consistency of theLindstrom-Bates estimator has not been proved or disproved. The results of
Vonesh (1996) show that consistency for a special case of the Lindstrom-Bates algorithm was held when the
number of subjects and the number of measurements per subject both tend to infinity.

Optimization Estimators and Model Misspecification

Classical consistency means that the parameter estimates tend to the true parameter values as the number of
observations goes to infinity. This assumes that the model specified by the estimation method is correct. It is
shown in White (1994), that estimators defined by optimization problems, called optimization estimators, have,
under very general conditions, certain consistency and asymptotic normality properties. However, when thereis
model misspecification, these properties are not necessarily related to the true model parameters, but to certain
auxiliary parameters defined by the misspecified models. These auxiliary parameters are the best
approximation to the true model parameters based on the limiting form of the objective function.

For the linearization type methods of NONMEM and Lindstrom-Bates, there is always one level of model
misspecification. Namely, the model specification given byegs. (3.3) or (3.5) does not correspond exactly to
the model specified by eqg. (1.1), which is presumed to generate the data. A similarmisspecification holds for
the GTS agorithm. On the other hand, the GTS, NONMEM and theLindstrom-Bates methods result in
optimization estimators. The resulting generalized notion of consistency and asymptotic normality and
corresponding asymptotic confidence intervals were derived in Bell andSchumitzky (1997b). The results will
be applied here. In addition to this theoretical investigation, a practical analysis of this generalized consistency
and asymptotic normality will be investigated by the Monte Carlo simulation methods described in Specific
Aim 3.
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Confidence Regions and Hypothesis Testing

Asymptotic confidence regions and hypothesis testing criteria are related to asymptotic normality as follows

Let W, be any estimator based on n measurements such that W, ® w’ a.e. for some point W’ in ap-dimension

compact set W. Assume n"?(W, - w®) converges in distribution to a normal random vector with mean 0 and

covariance matrix S1. Let S, be a consistent estimator of S.  From this result we obtain the formul as for
asymptotic confidence regions and asymptotic hypothesis tests as follows. Let k(w) be a continuously

differentiable function defined onW with valuesinRY, g £ p; and let K(w) = d%v k(w) be the gxp-dimensional
Jacobian. Consider thehypothesis Hg: k(wO) = kO vs. Hy: k(WwO) £ kO. Definethe statistic:

T2 = n(k(wn)_ kO )T[ K(Wn )SnnK(Wn )T]_lk(\,ivn)_ kO)

It is can be shown that under the hypothesisHg, T2 approaches a chi-squared distribution withq degrees of
freedom, as n® ¥ . See White (1994, Theorem 8.10) for this and other related results. From this result follow
the formula for the asymptotic confidence region fork0, and the criteria for the test of Hg vs. Hj.

The asymptotic normality of the estimators in this proposal are a consequence of the theory of optimization
estimators, see White (1994). To keep this proposal as self contained as possible we present briefly the results
which are relevant to the concept of generalized asymptotic confidence intervals. We first consider the
Optimization Estimator (OE) defined as follows Let

n
QW = a qwy)
i=1
where w belongs to a compact set Win p-dimensional space; g, (w, y) is atwice differentiable functionof w;
and the{y} are independent random vectors. Note that the objective function inegs. (2.2), (3. 2), and (3.4) are
of this form with

1.(y - Hi(W))2

o (w.yi) =l o) +1og(Vi (w))]

for suitable functionsH; (w) and V; (w).

In general, an OE estimate is defined as a vector w,, which minimizesQ (w) subject to we W. The following
results are proved in White (1994) under appropriate hypotheses:
Q, ( w)

Assume as N® ¥, the limit E(=-2)® Q(w) exists, and there is awP which is the uniqueminimizer of

Qw). Then W, ® w° a.e. Further deflne

_lgd _1
&(W)—nEW[dWQn(W) Q(W) and B,(w) nE[ Q( w)]
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and assume that A (w) ® A(w) and B (w) ® B(w) uniformly inW, where A(w) and B(w) are positive definite
matrices. WriteS (w) = A (W)"1B (w) A (w)~1 and Sw) = A(w)-1B(w) Aw)~1. Then n¥?(W, - w°) convergesin
distribution to a normal random vector with mean 0 and covariance matrixgwP). Further, S(W, ) ® S(w°) ae.

In the special casethatg (w*, y) = - log f(y | w*), where f(y. | w*) is the probability density of y for some w*
ew, thenwl = wr, A(w) = B(w) and S(w) = A(w)-1 . This gives the traditional asymptotic confidence intervals
for the "true” w*. This special case appliesto the ML estimator defined by (3.2). Calculation of the asymptotic
confidence intervals inthis case will also require numerical calculation of certain integrals.

For the GTS, NONMEM and Lindstrom-Bates methods, the situation is more complicated. The above theory
gives a computational formula for the asymptotic confidence intervals forw?- This involves both the A and B
matrices. Traditionally, what is done is to assume the approximate models in these methods are exact. This
gives a ssimpler computational formula for the asymptotic confidence intervals, where it is assumed thah=B,
see Davidian andGiltinan (1995, p. 141, p. 172). And further it is presumed that these confidence intervals are
for the true parameter w* rather than the parameter wP that is proscribed by the above theory. In our Monte
Carlo simulations in Specific Aim 3, we will investigate this situation to see if the traditional asymptotic
confidence intervals are valid.

Consistency - Nonparametric Case

Consistency of the maximum likelihood estimator(vML, FML) in eq. (4.5) of the nonparametric case is proved in
the theory of Keifer and Wolfowitz (1956, Result 2.12).

Confidence Intervals

As opposed to the parametric case, it appears that no one has used the consistency of (vML: FML) to analyze the
asymptotic confidence intervals for moments and other functional of FML, i.e., means, medians, standard
deviations, trimmed means, etc. Such asymptotic estimates are important in providing confidence intervals for
inferential statements. These asymptotic estimates can be gotten using the infinite dimensional maximum
likelihood theory outlined in Wong andSeverini (1991).

SPECIFIC AIM #3. Investigate efficiency and robustness of the estimators in Specific Aim 1 via smulation
studies.

Efficiency Efficiency measures the dispersion of the estimator about the true values. The theorem of Cramer
and Rao gives a lower bound for the generalized variance of an unbiased estimator. If a sequence of estimators
is consistent and has theCramer -Rao lower bound as its limiting generalized variance, then it is said to be
asymptotically efficient. The relative efficiency of two estimators can be determined by comparing their
asymptotic generalized variances.

Monte Carlo Simulations

The bias and efficiency of an estimator and relative efficiency between two estimators can be investigated using
Monte Carlo ssimulation methods. Consider any estimation procedure applied to any population kinetic analysis
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problem. The estimator g = q(w) is a random vector which depends on the stochastic elementsw of the
problem. By replicating this problem stochastically M times, we generate asequence ¢ = q(w,), k=1, ..., M, of
independent samples whose common distribution is the unknown distribution ofy. For M sufficiently large (M
~ 1000), the empirical distribution of the{q} will be a good approximation of the true (but unknown)
distribution of g.

Many statistical questions can then be answered by employing standard statistical tests. |Isthe distribution ofy
approximately normal? This could be the case if the asymptotic conditions were valid in the original population
problem. But normality is not necessary for further analysis. What is the bias (if any) im? What is the
variability ofq? Given two estimation methods A and B, with corresponding estimators q and g, is g, more

efficient than q,?

Further, the questions raised in Specific Aim 2 concerning the "correct" asymptotic confidence intervals can be
answered by these Monte Carlo methods.

We only note here, that such Monte Carlo simulation methods are extremely powerful. Properties of estimation
procedures can be investigated in many practical situations where asymptotic theory does not apply.

Robustness Robustness measures how an agorithm performs when there are violations in the model
assumptions. In the population problem there are two models. The first is the intra-individuamodel which
depends on certain PK/PD parameters. The second is the inter-individual model for the distribution of the
PK/PD parameters over the population. In the parametric case, the inter-individual model for the distribution of
the PK/PD parameters is multivariate normal. In cases where the true distribution isnultimodal or heavy tailed,
this is a bad assumption. Thenonparametric methods make no such assumptions about this distribution and
should be the most robust to violations of the inter-individual model. On the other hand, when the true inter-
individual model is in fact multivariate normal, then theonparametric method will be less efficient than the
parametric method based on the correct model.

We shall conduct Monte Carlo simulation studies to measure the relative efficiency and robustness of all our
proposed estimators. More specifically:

For parametric methods the standard benchmark program is the NONMEM system Beal and Sheiner, 1992).
Our algorithm of NONMEM type should behave similarly to the "first orderlinearization” method inthe
NONMEM system. Our agorithm of Lindstrom-Bates type should behave similarly to the "first order
conditional" method in the NONMEM system. Our group is a licensed user of the NONMEM system, so that
these comparisons can be verified. Then we plan to do head-to-head comparisons of our proposed GTS,
NONMEM, and Lindstrom-Bates type algorithms.

For the nonparametric methods, we have proposed a random effects model and mixed effects model. For the
random effects model, we have two comparison programs for our use. The first is a FORTRAN program
graciously provided by A. Mallet which implements his algorithm (Mallet, 1986). The second program is
NPEM2 developed by Schumitzky (19919 which is part of the USC PC package. We emphasize that the
nonparametric algorithm in NPEM2 is different from th@onparametric algorithm in this proposal.

To our knowledge, there is no other program available to analyzenonparametric mixedeffects models. Here we
will compare our proposed method with the parametric programs described above. In this case, comparisons
will be made of only the first and second moments. Note: There are newBayesian methods in devel opment
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which accommodate nonparametric mixed effects models. For example, see (Vakefieddd and Walker 1994). We
will watch these devel opments closely.

Examples.

Since the nonparametric approach is not so widely known, we conclude with two simple examples to illustrate
the random and mixed effects algorithms.

Example 1. (One Compartment Model - Random Effects)

This simple problem has been used as a benchmark for many methods, see$teimer, Mallet, et al., 1984). The
mode for i" subject, j" measurement is:

G :1\/ﬂ)exp(- Kit;), Cl =KV,

where (V,, Cl. ) arethevolume of distribution and clearance, respectively, for tha™ subject; the{t,} arethe
times at which measurements will be taken; and thec, } are the corresponding concentrations. Noisy
observations are then measured:

y,;= ¢+ e, e ~NOR) R =0025*()?

1]

Inthiscasex = (V,, Cl,) are the random effects assumed to be joint normal:
m, =2, m, =10, s, =.60(CV 30%), s,=3.0(CV 30%), r =.80

Monte Carlo simulations are performed with 10 subjects and two measurement scenarios: "data rich" and "data
poor”. Namely,

a) 10 measurements/subject at times{.1, .25, .5, 1, 2, 4, 6, 8, 12, 24}
b) 2 measurements/subject - measurementssuboptimally selected

The figure bel ow shows the Concentration versus Time graph for the ssmulation in case a).

RESULTS- Seimer Example
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Steimer Ex: 10 meas/ subj

The next figure shows the (smoothed) estimated density of (V, Cl) for case @) usingour Mallet type algorithm
for random effects models. Cl is on the x-axis; V is on the y-axis. The correlation between V andCl is

apparent.

Estimated Density: 10 meas/ subj

Moments of this estimated distribution are easily obtained. The Table below shows the results. Note that thereis
practically no loss of accuracy in going from the 10 measurements per subject case to the 2 measurements per

subject case.
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Reaults from Steimer Example

e m, Sa Sy r
True 2.00 10.0 .60 3.0 .80
10 meas/sub 2.02 10.0 .67 3.1 .83
2 meas/subj 2.07 10.7 .63 3.2 .78

Example 2. (Common Means Problem - Mixed Effects)
The next example is an important problem in the history of maximum likelihood estimationlt was first posed
by Neyman and Scott (1948). The problem is to estimate a fixed parameter when there are additionally an
infinite number of "nuisance’ parameters'. This problem also motivated th@onparametric approachof Kiefer-
Wolfowitz (1956).
The modéd for i"" subject, " measurement is:

y,= v+ xe, €~NQO1, j=1..,4 i=1.,12

where v (the common mean) is the fixed parameter, and the standard deviations{x} are the nuisance
parameters. In our notation: v is the fixed effect and the{x } are the random effects.

This problem was posed in Lesperance and Kalbfleisch (1992) to test their nonparametric method. In the
smulation:v=3 x =1,i=1-6; x =4, i =7-12. Using our Mallet type algorithm for mixed effects models,
our results agreed exactly with theirs namely:

V=466, F=(QW), Q={.22125449, W ={.08,.39,53
The next two figures show the ssimulated data and the (smoothed) estimated density of the{x}. (The smoothing
in Examples 1 and 2 was performedby placing a normal density with small variance at each of the support

points of the discrete FML.)

RESULTS - Common Means Example
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Common Means Ex: 4 meas/ tria

15
m N0 -
R [ {] i
10 N
5 " m n
& 4] | u n
S st N m n | ]
% £l " = I - - l 4]
= ] B El El
H
OF |
5 . . . o
0 4 6 8 10 12
Trial Number
5 Estimated Density: 4 meas/ tria
2k -
& 15} .
o)
>
8
(C 1t ]
05F ]
0 2 3 4 5
Standard Deviation
PHS398 (Rev. 5/95) Page _ 35 JJ



JJ Principal Investigator/Program Director (Last, first, middle): Foster, David M.

References

Bayard D., M. Milmanand A. Schumitzky. (1994) Design of Dosage Regimens: A Multiple Model Stochastic
Control Approach. Int. J. Biomedical Computing, 36: 103-115.

Beal, SL. and L.B. Sheiner. (1982) Estimating Population Kinetics. CRC Critical Reviews, Bioengineering 8:
195-222.

Beal, S. and L. Sheiner. (1992) NONMEM User's Guide. NONMEM Project Group, University of California,
San Francisco.

Bell, B. M. (1990) Global Convergence of a Semi-Infinite Optimization Method. Appl Math and Opt . 21: 69-
88.

Bell, B. M. (1995) The Iterated Kalman Smoother as a Gauss-Newton Method. SAM J. Optimization. 4: 626-
636.

Bell, B. M., J. Burke and A. Schumitzky. (1996) An Algorithm for Estimating Parameters and Variances in
Multiple Data Sets. Computational Satistics and Data Analysis[] 22: 119-135.

Bell, B. M., B. Paisley and D. Trippel. (1994) O-Matrix for Windows Users Guide. Harmonic Software, Inc.,
Seattle, WA.

Bell, B. M. and A. Schumitzky. (19978 An Algorithm that Simultaneoudly Fits Mean and Variance Parameters
in Nonlinear Models. Submitted.

Bell and Schumitzky (1997b) Asymptotic Properties for Estimators that Simultaneously Fit Mean and Variance
Parametersin Nonlinear Models. Submitted.

Bohning, D. (1985) Numerical Estimation of a Probability Measure. Journal of Satistical Planning and
Inference 11: 57-69.

Bohning, D. (1988) Likelihood Inference for Mixtures: Geometric and Other Constructions of Monotone Step-
length Algorithms.Biometrika 76: 375-378.

Caines P. E. (1988) Linear Stochastic Systems Wiley, New Y ork.
Clark. F. (1983) Optimization and Nonsmooth Analysis. Wiley-Interscience New Y ork.

Davidian M. and A. Gallant. (1993) The Nonlinear Mixed Effects Model with a Smooth Random Effects
Density. Biometrika 80: 475-488.

DavidianM. and D. Giltinan (1995) Nonlinear Models for Repeated Measurement Data. Chapman and Hall
New York.

Deak , I. (1990). Multidimensional Integration and Stochastic Programming. IMNumerical Techniques for
Sochastic Optimization, eds. Y. Ermolievand J.B. Wets. Springer- Verlag, New York, 1990.

PHS398 (Rev. 5/95) Page _ 36 JJ



JJ Principal Investigator/Program Director (Last, first, middle): Foster, David M.

Dempster, A.P., N. Laird and D. Rubin. (1977) Maximum Likelihood from Irtomplete Data Via the EM
Algorithm. J. Roy. Satis. Soc. B. 39: 1-38.

Fedorov, V. V. (1972) Theory of Optimal Experiments. Academic Press, New Y ork.
Gallant, A. R. (1987 Nonlinear Satistical Models, Wiley, New Y ork.

Geyer, C. (1996) Estimation and Optimization of Functions. InMarkov Chain Monte Carlo in Practice eds.
W. Gilks S. Richardson and D. Spiegelhalter. Chapman and Hall, London.

Jamshidian M. and R. Jennrich (1993) Conjugate Gradient Acceleration of the EM Algorithm.Journal of the
American Satistical Association 88: 221-228.

Jelliffe R., A. Hurst and B. Tahani. (1994) A 2-Compartment Population Model of Vancomycin made with
the new Multicompartment NPEM2 Computer Program. Clin. Pharmacol. Therap. 55: 160.

Kaliski, J., D. Haglin, C. Roos, and T. Terlaky. (1996). Logarithmic Barrier Decomposition Methods for Semi-
Infinite Programming. Report 96-51.Faculty of Technical Mathematics andinformatics Delft, Holland.

Kiefer, J. and J. Wolfowitz. (1956) Consistency of the Maximum Likelihood Estimator in the Presence of
Infinitely Many Incidental ParametersAnnals of Math. Sat. 27: 886-906.

Laird, N. (1978) Nonparametric Maximum Likelihood Estimation of a Mixing DistributionJournal of the
American Satistical Association 73: 805-811.

Lesperance, M. and J. Kalbfleisch (1992) An Algorithm for Computing theNonparametric MLE of a Mixing
Distribution. J. American Sat. Association 87: 120-126.

Lindsay, B. (1983) The Geometry of MixtureLikelihoods: A General Theory. Ann. Satistics 11: 86- 94.

Lindstrom, M. J. and D.M. Bates. (1990) Nonlinear Mixed Effects Models for Repeated Measures Data.
Biometrics 46: 673-687.

Lyne, A., R. Boston, K. Pettigrew and L. Zech. (1992) EMSA: A SAAM Service for the Estimation of
Population Parameters Based on Modd Fits to Identically Replicated Experiments. Computer Methods and
Programsin Biomedicine 38: 117-151.

Mallet, A. (1986) A Maximum Likelihood Estimation Method for Random Coefficient Regression Models.
Biometrika 73: 645-656.

Nesterov, Y. and A. Nemirovsky. (1994) Interior-Point Polynomial Algorithms in Convex Programming.
SIAM, Philadelphia.

Neyman J. and E.L. Scott. (1948) Consistent Estimates Based On Partially Consistent Observations.
Econometrica 16: 1-32.

Pettigrew, K.D. (1964) Estimation of Parameters from Observations with Unequal Precisions in the Presence
of Nuisance Parameters. Master's Thesis, George Washington University.

PHS398 (Rev. 5/95) Page _ 37 JJ



JJ Principal Investigator/Program Director (Last, first, middle): Foster, David M.

Press W., B. Flannery, S. Teukolsky, and W. Vetterling. (1987) Numerical Recipes Cambridge University
Press, Cambridge.

Preston S. L. and G. L. Drusano. (1996) Nonparametric expectation maximization population modeling of
ganciclovir. J. Clin. Pharmacol. 36: 301-310.

Racine-Poon, A. and A.F.M. Smith. (1990 Population Modeds. In Satistical Methodology in the
Pharmaceutical Sciences D.A. Berry, ed. Marcel Dekker, pp. 139-162.

Schumitzky, A. (1991) Nonparametric EM Algorithms for Estimating Prior DistributionsApplied Mathematics
and Computation 45: 141-157.

Schumitzky, A. (1991 Applications of Stochastic Control Theory to Optimal Design of Dosage Regimens. In
Advanced Methods of Pharmacokinetic and Pharmacodynamic Systems Analysis, DZ.. D'Argenio, ed. Plenum
Press, New York, 137-152.

Schumitzky, A. (1992) Nonlinear Population Modeling. In Proc. 1992 Western Smulation Multiconference -
Smulation in Health Carre. Society for Computer Simulation, San Diego, pp. 57-64.

Schumitzky, A. (1993) The Non-parametric Maximum Likelihood Approach toPharmacokinetic Population
Analysis. InProc. 1993 Western Smulation Multiconference-Smulation in Health Care. Society for Computer
Simulation, San Diego, 95-100.

Schumitzky, A. (1995 EM Algorithms and Two Stage Methods in Pharmacokinetic Population Analysis. In
Advanced Methods of Pharmacokinetic and Pharmacodynamic Systems Analysis D. Z. D'Argenio, ed.,
Plenum Publ. Co. pp 145 - 160.

Schumitzky, A., B. Bell and D. Foster. (1995 SAAM Il Population Analysis. In Proc. 1995 Western
Smulation Multiconference - Smulation in Health Care . Society for Computer Simulation, San Diegg 211-
215.

Schumitzky, A., R. Jelliffe and M. Van Guilder. (1994) NPEM2: A Program for Pharmacokinetic Population
Analysis. Clin. Pharmacol. Therap. 55: p. 163.

Silvey, S.D., D.M. Titterington and B. Torsney. (1978) An Algorithm for Optimal Designs on a Finite Design
Space. Commun. Satist.-Theor. Meth. A7 (14): 1379-13809.

Spieler, G. and A. Schumitzky. (1993) Asymptotic Analysis of Extended Least Squares Estimators with
Application to Population Pharmacokinetics. In Proc. 1993 Biopharmaceutical Section. American Statistical
Society, 177-182.

Steimer, J-L., A. Mallet and F. Mentre. (1985) Estimating Interindividual Pharmacokinetic Variability. In:
Variability in Drug Therapy: Description, Estimation, and Control, M. Rowland, J.-L. Steimer and L. Sheiner,
eds. Raven Press, New York, 65-111.

Steimer, J-L., A. Mallet, J.-L. Golmard, and J.-F. Boisvieux. (1984) Alternative Approaches to Estimation of
Population Pharmacokinetic Parameters:. Comparison with the Nonlinear Mixed-Effect Mode. Drug
Metabolism Reviews 15: 265 - 292.

PHS398 (Rev. 5/95) Page _ 38 JJ



JJ Principal Investigator/Program Director (Last, first, middle): Foster, David M.

Vonesh, E. F. (1996) A Note on the Use of Laplace's Approximation for Nonlinear Mixed-Effects Models.
Biometrika 83: 447-452.

Vonesh, E. F. and R. L. Carter. (1992) Mixed-Effects Nonlinear Regressions for Unbalanced Repeated
Measures. Biometrics 48: 1-17.

Vonesh, E. F. and V. M. Chinchilla (1997) Linear and Nonlinear Models for Analysis of Repeated
Measurements. Marcel Dekker, New Y ork.

Wakefidd J. and S. Walker. (1999 Population models with anonparametric random coefficient distribution.
Technical Report, Department of Mathematics, Imperial College, UK.

Wakefidd J., A.F.M. Smith, A. RacinePoon and A. Gelfand. (1994) Bayesian Analysis of Linear and
Nonlinear Population Models. Applied Satistics 43: 201-222.

White, H. (1994) Estimation, Inference and Specification Analysis. Cambridge UniversityPress, New Y ork.

Wong, W. H. and T. A. Severini. (1991) On Maximum Likelihood Estimation in Infinite Dimensional
Parameter Spaces. Annals of Satistics 19, 2: 603-632.

Project 2: Design and Development of Software Systems

Project Coordinator: Hugh Barrett and Brad Bell
Co-Investigators: Claudio Cobelli, David Foster, Hellmut Golde, Alan Schumitzky, GiannaToffolo and
Paolo Vicini
Collaborators: Roger Jelliffe, University of Southern California
David Bourne, University of Oklahoma

Introduction

The goal of this project is to produce software systems (deliverables) that address questions in population
kinetics, to make them available to individuals and organizations, and to maintain them once they are released.
These deliverables will be designed and developed to IEEE standards using state-of-the-art computer science
methods. The software systems will be developed incrementally, and will be modularized sathey can be used
by other software developers upon request. Release information and service support for the modules and
algorithms will be developed as part of our dissemination package. Each system will be described in more detail
bel ow.

Unlike the other project descriptions in this application, we will not follow the usual “specific aims ->
background -> significance -> methods’ paradigm. The reason is that the design and development of reliable
software is a complex process, we feel the presentation is better accommodated using a paradigm for the life
cycle of a software deliverable shown in Figure 2.1.

The narrative description of this project will be divided into the following sections.
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* Introduction to the software design and development process. Here we will present the components of
the life cycle for a software deliverable, and summarize how we will use this in the specification and
design process.

» Deliverables. Here we will describe the software deliverables we propose to develop under the aegis of
this proposal.

* Link between Projects 1 and 2. Here we will describe the link between our two core research and
development projects, and give an initial projection (in time) for finishing the deliverables.

» General requirements. Here we will give examples of the more salient requirements that we will apply
in our design, development and coding process.

» Development cycle for each deliverable. Here we will provide a more detailed description of our design
and coding process for each deliverable. This section will be subdivided into 5 parts. These are:

- Functional Specifications

- Software Design Specification
- Implementation and Testing

- Deéliverables Testing

- Release and Maintenance

Each of these sections will contain a description of what will be done, a set of specific aims, a
description of the significance (i.e. why it is necessary), and methods (a paradigm for doing the work).
Examples of each will be available for the Special Study Section.

Introduction to the Software Design and Development

In this section, we will review the life cycle of software and the software verification and validation process.

We do this because it is the framework we will adopt in developing and designing our software deliverables. It

also illustrates the complexity of the process both in terms of design and implementation, and the management
of the entire RFPK team.

To begin, verification and validation can be defined as the process of creating documented evidence that a
computer program executing on a particular system has done is doing and will do, reliably, what it purports to
do. In order for a computer application to be considered validated by the FDA, for example, the following
evidence must be made available upon demand: standards for designing software and conducting a validation
("Standard Operating Procedures’ - SOPs), a validation protocol for the application, comprehensive
specifications for the application describing what the system purports to do, a test plan providing information
about validation tests that have been conducted, and a validation report summarizing the results of the
validation and containing all evidence (results) of the testing that took place.

We will use the FDA guidéines [1] modified using information from [2,3] to formulate, design and, when
required, validation plansfor all our deliverables. These will include the following documents or guidelines:

1. Standard operating procedures. This document specifies exactly what rules will be followed in designing
and validating the software. RFPK will write an internal document specifying ourSOPs; all other
documents written in association with the project will follow these guidelines. This means anyone who
knows our SOPs should be able to read any other document produced by RFPK related to a deliverable.
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Validation protocol for a deliverable. This document specifies how we will apply our SOPs to a specific
deliverable. It will include: operational limits (software/hardware configurations under which the
deliverable will be validated) a general statement about how the results produced by the deliverable will be
checked, what will be reported, how validation documents and evidence will be maintained, and conditions
under which revalidation is required (for example, when a change is made to the program or when the
operating system is updated).

Specifications for the software at the user interface level. This document will prescribe everything that the
user can input to the program (e.g. data, commands), and everything the user can obtain from the program
(e.g. results of calculations, results of ussngmodel building tools).

Test plan for validating a deliverable. This document is the actual plan for testing each of the specific
aspects of the deliverable for accuracy and correctness tests, and for proper behavior under limit conditions.
It provides details of how each test result will be evaluated. It also provides details about how a revalidation
will be performed.

Validation report. This document gives a summary of the validation process, describes any deviabns from
the test plan, provides results from accuracy and correctness tests, limit tests, reports any detected anomalies
in the results, and indicates where the complete validation, including all evidence, is stored.

From the above, it would appear that much writing takes place before there is any coding. In fact, thisis the
case. Based upon our experience with developing other software deliverables, we have found that if we took
the care to follow the above guidelines, the actual time to complete the whole project (i.e. coding and testing)
took less time. The main reason was that misunderstandings of intent were worked out a priori instead of a
posteriori.

In managing this project, we will follow the guidelines specified by ANSI/IEEE and summarized in a FDA
Technical Report[1]. The following figure shows a modification of the software verification and validation plan
overview as formulated by the IEEE [2]. This plan is consistent with a notion ofa software “life cycle’, i.e. the
period of time that starts when the software is conceived at the “concept” level until it reaches the
“maintenance’ phase. Superimposed at the bottom of the figure are the steps in the design and validation
processes described above. Notice that the writing of the SOPs and the formulation for the validation (test) plan
areindependent of thelife cycle; in fact, they precede this process.
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FUNCTIONAL
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Figure 2.1: The software life cycle (adapted from IEEE). See text for explanation.

The software system, or components of the software system, starts with a concept of what the user wants. This
concept is a written statement which should contain sufficient detail that thefunctional requirementscan be
written. The functional requirements are written specifications of what the software has to do, and can include
information on performance requirements (e.g. speed or accuracy), interface requirements (how the components
of the system communicate) and operational requirements (how the system will communicate with the user).
For RFPK, this will be written in sufficient detail that the software engineers can write thesoftware design
document.  This document will describe how the functional requirements can be implemented. Once this
document is written, the engineers can implement the design, i.e. code the software. Included in this are
internal (validation) test procedures. Once the software is coded and the results from the internal test
procedures documented, it will undergo alpha (in house) and beta (outside test sites) testing as described in
more detail below. When the testing is completed, the validation report will be prepared and theleliverablewill
be assembled. This is the software system and documentation (user and installation guide) that will be
delivered to the user. Once released, the maintenancephase starts. As described in more detail below, thisisa
comprehensive plan to deal with performance reports that describe problems users have with the software and
minor enhancements. As part of maintenance, revalidation will occur.

It should be noted that some of these activities will be iterative. For example, testing will most likely require
implementation changes, and sometimes software design changes. These may affect the validation test plan and
testing.

In providing the details as to how we will utilize this framework to develop our software deliverables (described
in more detail in the section “ Development Process for Each Deliverable), we will subdivide the above
activitiesinto five integrated parts:

Part1. Functional Specification

Part I1. Software Design Specification
Part 111. Implementation and Testing
Part IV. Deliverable Testing

Part V. Release and Maintenance

At the end of the process, for each deliverable we will have a fully tested and documented (internal reference
manuals and a user guide) software system. We should point out at this point that some deliverables will be
verified and validated to FDA standards while others will have technical reports available for interested users.
This distinction is made because some deliverables are almost impossible to fully validate according to FDA
standards. An example is a complex graphical user interface; it is more time consuming than our proposal can
admit to test every possible combination of users optionsin a graphical user interface.

We will also add a sixth part, Scheduling, since this is a management exercise which will make the whole
process work. Scheduling is built around the organization structure of RFPK described in Part |1 of Section 3 of
this application.

Deliverables

While the end goal of Project 2 will be comprehensivecompartmental population kinetic deliverables with an
MS-Windows interface, we will achieve this goal by sequentially developing a series of deliverables which can
be used by our collaborators or other software devel opers seeking comparable computational capabilities.
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As described in Project 1, there are five methodologies which will be developed: the global two-stage, the
“NONMEM” method, Lindstrom/Bates, Maximum Likelihood, andnonparametric. Each will be implemented
in the deliverables defined below. As summarized in Figure 2.2, there will be 25 deliverables produced under
the aegis of this project.

The ddiverables for each of the five methods are:

SPK The basic population kinetic subroutine

SDPK The subroutine that simulates population kinetic data

SCPK The compartmental population kinetic subroutine

PCPK A batch-mode compartmental population kinetic program

GCPK A compartmental population kinetic program with an MS-Windows interface

In addition, two other deliverables will be developed. One will be a program for converting SCPK filesinto a
NONMEM [4] format (for parametric methods), and the other for converting these files into an NPEM2 [5]

format (for nonparametric methods). These will be made available to users wishing to compare the results of
SCPK (the workhorse of GCPK) with NONMEM and NPEM2, and will also be used internally for testing and
validation.

Computationally, specialized integrators and optimizers will be required. Internally, these will be created as
modules. When deemed appropriate, these modules will be fully documented and made available to other
investigators wishing to incorporate these specialized technologies in their software products.

Below we describe in detail the characteristics of each deliverable.
SPK: Subroutine for Population Kinetics

This will be a subroutine that performs population kinetic analysis using each of the five methods described in
Project 1. This ddiverable, since it is the computational workhorse for each method, will be scheduled for the
earliest possible release for use by our collaborators. It will thus be tightly linked to Project 1 since all
theoretical work for each method must be completed before the design can start. In Figure 2.2, we give our
estimates for the finish date for each method. The subroutine will be portable to a supercomputer (of the type at
UCSD); this design will bein collaboration with DrJelliffe.

The user will be required to program a specific mode in order to use this routine. Thus this product will not be
restricted to any specific type of modelling. Its input values will be checked and if an error is detected, an error
code will bereturned. Thiserror code will specify the exact nature of the error from the user’s point of view.

An example of SPK user defined input is:

» amode that describes the mean and variance for each data point as a function of all parameters;

» define the fixed and adjustable parameters

» define the covariates on an experimental time line (that also includes any perturbations, i.e. “changing
the conditions’ of the experiment;

e prescribe the measurement values (data); and

* provideinitial parameter estimates for the adjustable parameters.

The output from SPK will be the population kinetic parameters as described in Project 1.
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SDPK: Simulation of Data for Population Kinetics

This deliverable will be a subroutine that performs Monte Carlo simulations of population kinetic data. The
input to this routine will include the values that SPK determines (i.e. a set of parameter values in a format
similar to that used by SPK). The output of this routine will be a ssmulated version of the data that is required
by SPK as input.

SCPK: Subroutine for Compartmental Population Kinetics

This deliverable will be a subroutine that performscompartmental population kinetic analysis. It will use SPK
to perform the population kinetics part of its work. It will include multiple methods for solving the differential
equations for compartmental models (e.g. Runge-Kutta and stiff integrators). The projected date of completion
for each methodology for SCPK is summarized in Figure 2.2. The subroutine will have a standard interface,
and be portabl e to the supercomputers described for SPK. The user will define thecompartmental model using a
data structure instead of having to program it directly. Thus this product will require less work, on the part of
the user, than SPK. On the other hand, it will be restricted to thecompartmental modelling case. Its input values
will bechecked and, if an error is detected, an error code will be returned. This error code will specify the exact
nature of the error from the user’s point of view.

PCPK: Program for Compartmental Population Kinetics

This deliverable will be a program that both simulates and analyzes population kinetic data sets. It will use
SDPK and SCPK to perform the majority of its work. It will be restricted to population kinetics of
compartmental models. The user will define thecompartmental model and data values using a file structure.
This product will require less work on the part of the user than the routine described above. Projected delivery
dates are summarized in Figure 2.2. This program will be validated in accordance with FDA guidelines, and
will be portable to supercomputers as described for SPK. Its input values will be checked and if, an error is
detected, an error message will be printed. This message will specify the exact nature of the error including
exactly wherein the input file the error was detected.

GCPK: A GUI (graphical user interface) for Compartmental Population Kinetics

This deliverable will contain a graphical user interface to invoke SDPK to simulate data sets and SCPK to
analyze data sets. The user will define a specific model using graphical drawing tools. This deliverable will
have a context sensitive help system so that specific help can be obtained for each dialog, window, or error
message. It will also read and write files that have the format used by the program PCPK.Its input values will
be checked and, if an error is detected, an error message will be displayed. This message will specify the source
of the error from the user’ s point of view.

It is our intent that GCPK will make the initial model development and testing process for population kinetic
analysis easy, but that PCPK will be the deliverable which, because it operates in batch mode, will be used to
generate final numerical valuesto FDA standards.

NONMEM and NPEM2 format converters

In addition, we will develop programs for NONMEM and NPEM2 format conversion. These deliverables will
convert files between the NONMEM and NPEM2 format, and the format necessary for input to the program
PCPK.
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Link between Projects1 and 2

Figure 2.2 shows the link between the theory and algorithmic devel opment described in Project 1, and the
software deliverables to be developed in Project 2.
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Figure2.2 Thelink between the methodol ogies developed in Project 1 and the software developed in
Project 2; seetext for explanation.

The five methodologies described in Project 1 are listed across the top of the figure, and the five software
deliverables defined above are listed on theleft hand side of the figure. The numbers in each box refer to the
year of the grant when we anticipate the deliverable will be finished and released to users. Asin any software
development project, these projects reflect our best estimate at this time based upon our previous experiencein
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the development process, they will be subject to periodic updating as we progress through the different
developmental stages.

Note that the NONMEM” and “ NPEM2" converter described above applies only to the deliverable PCPK.

The estimation of the year of release reflects both the importance we put on getting a specific methodol ogy out
to our user community, and the time when we believe the theory and algorithm devel opment will be completed
in Project 1.

General Requirements

The following list contains examples of the general requirements that will apply to our software design and
development process.

Documentation and Reproducibility

The deliverable products described above will each have their own users guide, both in interactive and printed
form, together with internal documentation. These products will be sufficiently documented so thattheir results
can be independently reproduced by other computer programs. This will require a precise specification of the
algorithms that are used by the products. For example, if a parameter in an algorithm is given a specific value,
the value of that parameter will be specified.

Other subroutines that have general application will be made available to the biomedical research community.
These routines will have specifications as comments within their source code but may not have any other
documentation.

Analytic Derivatives

Tools that automatically differentiate algorithms have recently become available. For example, the program
ADIFOR, which differentiates FORTRAN 77 algorithms, recently won the Wilkinson prize for numerical
analysis [6]. This makes it possible to have analytic derivatives for mode functions without the user having to
program them. Analytic derivatives are a significant help during optimization procedures. They are also helpful
when integrating stiff differentialequations which sometimes occur in compartmental modelling. The software
system will take full advantage of analytic derivatives without requiring extrawork on the part of the user.

LAPACK and Level 3 BLAS

Fast machine specific implementations of the Basic Linear Algebra Subroutines (BLAS) are currently available
on many machines. For example, Intel has a special library for itprocessors[7]. LAPACK [8] takes advantage
of the BLAS and is the most highly regarded and tested linear algebra package. The software system will use
LAPACK and the BLAS wherever it creates a speed advantage when the program is ported to a supercomputer.

Automated Internal Testing

As described below, each component of a deliverable will have a test suite that runs in an automated fashion
and generates a report. This report will include a list of the tests that failed. These tests will exercise all the
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possible paths in the corresponding routine. (Some paths that return a code corresponding to a program error
may not be possible to exercise.)

Collaborator Input

Our collaborators will review the complete set of functional requirements for each of the deliverables. Thiswill
help ensure that the products solve the problems of interest to the collaborators. It will also ensure that the
deliverables meet other needs of our users. For example, it will ensurethat it is easy to convert the data from the
form in which they are recorded into the form necessary for each product.

Windows PC Execution and Portability

The software system will run on aPC in a Windows environment. When required, the code will be written in
an ANS| standard language, such as FORTRANT77, that will be easy to port to the supercomputer and possibly
other operating systems.

Development Process for Each Deliverable

Each software deliverable will have an overall functional statement of what it will do; this is essentially what
has been described above as “Deliverables’. This functional statement will serve as the starting point for the
devel opment process for each deliverable.

The process itself takes advantage of the expertise of RFPK personnel. Our personnel are divided into “domain
experts’ and “software engineers’. The domain experts are those who determine precisely what a deliverable
should do; the software engineers then take the requirements and create a deliverable which will do what is
required.

The development process for each deliverable starts with the overall functional statement. The deliverable is
then broken down into its component parts realizing this will result in an organizational tree of how the
deliverable is constructed internally. When all parts of the tree have been identified, the process described
below will begin. The end result of this process is the desired deliverable with documentation. Dr. Bell will be
responsible for the overall organization of each deliverable making sure each component part can be integrated
properly into the deliverable. Figure 2.3 illustrates what we mean by the “tree’ structure for the deliverable.
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Figure 2.3. A schematic of the “tree” structure of defining a software deliverable. See text for additional
explanation.

Examples of this tree structure that we have used in previous software development will be available for the
Special Study Section.

It is important to note that the process described below applies to each box in this figure. What occurs in each
box will be tested internally. The dashed lines indicate that each component has to fit in with the overall design
for the deliverable. Thus when a component is incorporated into the developing deliverable, it will be tested
again. This is part of the internal testing, and our validation and verification process. Finaly, when the
deliverable is assembled, it will again be tested internally. At this stage, it will move to the alpha and beta
testing described below, and then be rel eased.

The steps in the process will be explained in detail below in Parts | - V, and provide the details as to how the
framework illustrated in Figure 2.1 will be implemented in RFPK.

Part |: Functional Specifications

Project Coordinators: Hugh Barrett, Brad Bell and AlanSchumitzky
Co-Investigators: Claudio Cobelli, David Foster, GiannaToffolo, Paolo Vicini
Collaborator: Roger Jelliffe, University of Southern California

What will bedone

For a given software deliverable, the aim for Part | of this project is to write the functional specification
document for each component of the deliverable (asillustrated in Figure 2.3). Thisincludes both computational
and user interface functionality (i.e. input specification or a graphical user interface), and hence applies to all
deliverables. This activity will be done in collaboration with Project 1 when computational specifications are
required, and will serve as the vehicle to move the theory/algorithm development in Project 1 into the software
deliverables of Project 2 (asillustrated in Figure 2.2).
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Responsibility

* Hugh Barrett. Overall coordination (management); scientific requirements.
* Brad Bell. Numerical theory.
* AlanSchumitzky. Statistical theory.

Specific Aims

The specific aim for Part | is to produce sufficient specification for each component of a deliverable that the
software design document (Part I1) can be written. Thiswill be accomplished in the following steps.

1. Specify precisely the concept of what is required (which can include the theory from Project 1 and/or
user requirements.
2. If required, prototype algorithms (computational) or methodologies (e.g. GUI) to test the concept.
3. Write a functional requirements document which includes
- acomprehensive statement of the requirements (including how the component fitsin at the
“global” level to the deliverable);
- asummary of the prototyped algorithms or methodol ogies; and
- adescription of what new capabilities are needed;
4. Review by technical staff and collaborators of the functional requirements document, and modify as
required.

Significance

The functional specifications, besides serving as the first step in the process of designing and then coding
software, also lay the groundwork for designing tests to ensure the desired requirement(s) is(are) met.
Documentation associated with this process will become a component of the technical reference associated with
the deliverable.

Methods

For each component or subcomponent (shown in Figure 2.3), the integral parts will be identified. These will
then be described in sufficient detail that {) all computational capability, and (ii) input/output specifications can
be identified. Following the paradigm we have used for recent software development, alist of the internal parts
necessary to satisfy the computational capability and input/output specifications will be made. A domain expert
will then be assigned to write the functionalrequirements document as indicated in step 3 of the Specific Aims.

Where appropriate, prototype algorithms will be developed and tested. For requirements related to input or
output, specifications will be guided by staff depending upon the exact nature of the requirement. For example,
if it isa GUI requirement, Dr.Barrett will work with a software engineer prototyping potential windows and
their functionality.

As described in step 4, the document will be reviewed by software engineers, and sent to specific collaborators
for their assessment. When all reviews have been received, the domain expert will write the final requirements
document. This can then go to the next step, designing the software.

We would like to reiterate two points we have already made. First isthat while this exercise is time consuming,
we have found that it actually speeds up the time to finish coding because everyone involved understands what
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is expected. Second, the written material will become part of the internal technical reference; this will be used
in designing tests and, when necessary, aid in writing user manuals.

Examples

Examples of functional specifications that we have used in the past will be available for the Special Study
Section.

Scheduling

Scheduling of this activity is part of the overall scheduling activity described bel ow.

Part |1: Software Design Specification

Project Coordinators: Hugh Barrett and Brad Bell
Co-Investigator. David Foster
Collaborator: Roger Jelliffe, University of Southern California

What will bedone

The aim for Part |1 of this project is to produce a software design document from the functional specifications.
The result of this step will be part of our internal documentation; this step will also include a description of all
internal tests used for validation.

Responsibility

* Hugh Barrett. Human engineering
» Brad Bell. Software engineering

Specific Aims
The specific aims for Part |l are:

1. write arequirements document specifying how the functional requirement will be implemented; and
2. write adesign document encompassing

- internal specification

- internal documentation

- internal testing

Significance
The software design specification for a specific component of a deliverable will be complete to the extent that a

software engineer should be able to write code that meets the requirements. This document will become part of
our internal documentation library, and will also serve as a basis to design specific tests for validation purposes.

Methods
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The software engineers will work with the domain experts who authored the functional requirement for the
specific component to write the documents called for by the specific aims. The RFPKSOPs will be followed.

Examples

Examples of software design specifications that we have used in the past will be available for the Special Study
Section.

Scheduling

Scheduling of this activity is part of the overall scheduling activity described bel ow.

Part I11: Implementation and Internal Testing

Project Coordinators: Hugh Barrett and Brad Bell
Co-Investigators. David Foster and Paolo Vicini
Collaborators: Roger Jdlliffe, University of Southern California

What will bedone

Each component will be coded in accordance with the design specification, tested internally, and incorporated
as an integral part of the software deliverable.

Responsibility

* Hugh Barrett. Human engineering
» Brad Bell. Independent comparisons and other tests of correctness

Specific Aims
The specific aimsfor Part |11 are:
1. toimplement (code) a specified component for the deliverable from the design document produced in
Part I1;

2. totest theimplemented functionality internally using the tests specified in the design document; and
3. todocument steps 1 and 2.

Significance

The significance of implementation and internal testing is that RFPK will produce sound software code that can
be verified as defined by our SOPs.

Methods

| mplementation
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Implementation relates primarily to scheduling. All RFPK software engineers are capable of designing and
writing code given any specification document. Thus implementation of a specific component falls under the
scheduling category since we first estimate the time required to implement a specific requirement, and then
schedule thisinto our overall plan in order to maximize the time distribution of effort.

All RFPK’ s software engineers are highly skilled in implementing code.

Internal testing and validation

All software code will be tested according to RFPK’s SOPs. When required by the specifications document,
internal testing that has been designed to meet FDA requirements will be carried out as part of the
implementation process. The full results of these tests will be collected in adocument which can be reviewed
upon request.

Examples

Examples of implementation and internal testing that we have used in the past will be available for the Special
Study Section.

Scheduling

Scheduling of the activity is part of the overall scheduling activity described below.

Part 1V: Deliverable Testing

Project Coordinators: Hugh Barrett and Hellmut Golde
Co-Investigators. Claudio Cobelli, David Foster, GiannaToffolo and Paolo Vicini
Collaborators: Roger Jelliffe, University of Southern California
David Bourne, University of Oklahoma

What will bedone

Once a deliverable has been fully tested according to RFPK internal testingSOPs, it will be alpha (in house -
RFPK personnel) and beta (outside users) tested for final assessment.

Responsibility

* Hugh Barrett. Coordinate beta testing.
* Helmut Golde. Development and maintenance of the test library coordinating the alpha testing.

Specific Aims
The specific aimsfor Part |11 are:

1. toalphatest thedeiverable;
2. toidentify a betatest group, and beta test the deliverable;
3. tomaintain performance reports from the alpha and beta tests;
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4. tosuggest changesto the deliverable as required; and
5. todocument the results of steps 1 - 4.

Significance
Alphaand betatesting arerequired as a final step of ensuring the deliverable will perform as specified.
Methods
Testing
alphatesting

Alpha, or in house, testing, will be conducted using the paradigm we have used in the past.

Dr. Golde, working with Drs. Barrett, Foster and Vicini, will assemble a group of test problems that will test the
individual component being tested and how it incorporates as an integral part of the deliverable. These tests can
be run automatically using software such as Microsoft TEST. Results are stored and compared with known
results (e.g. known analytic solutions of specific problems) or results from other software systems (for example
NONMEM).

Alphatesting is an iterative process in that deliverables can be partially operable as they are being created.e.
certain functionalities can be tested before the whole deliverable is complete. As the “prototype’ deliverables
are developed, RFPK personne will test them and report back to the software engineer responsible for a
particular component of the deliverable being tested.

beta testing

RFPK will develop and maintain alist of researchers who have agreed to test the deliverables we are producing;

these include our collaborators and others with whom we interact. These individuals have told us they will

exercise the software on a regular basis, and will provide us with “performance reports’ at timely intervals.

These performance reports describe their experiences with the deliverable, and include changes they would like
to seein how different features are implemented.

Performance reports for each deliverable will be kept with the documentation for that deliverable. If a
performance report contains a requested change in the deliverable, the RFPK development team will decide
whether or not the change will be made.

At the completion of beta testing, i.e. when all performance reports associated with alpha and beta testing have
been assessed and action taken when required, the deliverable will move to the release stage.

Example

Examples of alpha and beta testing that we have done in the past will be available for the Special Study Section.

Part V: Reease and Maintenance of the Software System

Project Coordinators: Hugh Barrett and David Foster
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Co-Investigator:  Hellmut Golde
Collaborator: David Bourne, University of Oklahoma

What will bedone

Release of the deliverable refers to writing and printing the user manual/guide, packaging the deliverable,
announcing its availability (via, for example, the RFPK homepage), sending it out, and developing and
maintaining a userdata base. Maintenance refers to the system we will install to provide support including user
comments, and to make small changes for maintenance rel eases of the deliverable.

Responsibility

* Hugh Barrett. Coordination of the release date; coordinate all aspects of preparing the deliverable
(including the homepage); work with UW Office of Technology Transfer (OTT) personnel to ensure
compliance with the University’s guidelines for intellectual property management.

» David Foster. Work with UW Office of Technology Transfer (OTT) personnel to ensure compliance
with the University’ s guidelines for intellectual property management.

* Helmut Golde. Design and coordinate software documentation.

Specific Aims
The specific aims for Part 1V are:

1. set areleasedate for a software deliverable
2. coordinate activities related to arelease including
- writing user documentation
- disk and user documentation duplication
- announcement on the RFPK homepage
- packaging
- shipping
- developing and maintaining a user data base.
3. Design and implement a comprehensive maintenance program.

Significance

A coordinated release plan will mean that RFPK software deliverables will be easily available to researchers
wishing to use our products. Good documentation and information on our homepage will mean information to
use our deliverables is accessible to all. A good maintenance plan is mandatory for the long-term viability of
our software deliverables.

Methods

» Seting the release date for a deliverable. Once the component parts of a deliverable have been fully
identified, an initial release date can be set using the scheduling program implemented for the SAAM |
project by Mr. Reissig. Initially, we expect the list of component parts and the time estimates for the
first three parts of the process described above to be only “reasonably” accurate.
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Once alpha testing starts on the deliverable, we will have a good dea of what is left to do before the
deliverable can go into beta testing. At that point, an accurate (to within 2-3 weeks) release date can be
Set.

* With arelease date set, a schedule for the preparation of the user documentation can be formulated; any
changes to the release date as a result of this schedule can be made. Disk and user documentation
duplication can be scheduled. Packaging can also be scheduled. The userdata base can be devel oped,
and an announcement on the RFPK home page prepared. Guidelines for release with OTT can be
established so that when the deliverable is ready for shipping, it can be shipped.

* The maintenance program we will adopt for our deliverables will use the paradigm we have devel oped
for SAAM 1. We will deal with () user problems, and (ii) requests for enhancements. The latter will
be divided into major (requiring a major time commitment) and minor.

Performance reports for users providing us with feedback via telephone, fax, e-mail or otherwise will be
maintained for each deliverable. The report “format” will be available on the RFPK homepage. Work
related to minor enhancements will be scheduled, and as required, maintenance releases will be
scheduled. The development of a maintenance release will follow the same five-part description above.

Part VI: Scheduling

Project Coordinators: Hugh Barrett and Brad Bell

In order to produce each deliverable on time and for the funds requested RFPK must have an excellent
organizational structure and scheduling guidelines. Scheduling refers to assigning RFPK personnel ta) write
the concept statement, (ii) write the functional requirements, (iii) write the software design specification, (iv)
implement (code), test, release and maintain. We will use Microsoft PROJECT as we have done in the past to
manage these activities. The overall areas of responsibility are indicated on the RFPK organizational structure
in Part 1l of Section 3 of this application under the headings “ Modeling Theory” and “Software Engineering”.
While “Modding Theory” refers to Project 1, as noted in the above narrative, it impinges on Project 2 both in
terms of total design and implementation and scheduling. That is, for a specific deliverable, the theories and
algorithms have to be devel oped before the deliverable can be finished.

Examples of the scheduling software will be available at the site visit.
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COLLABORATIVE RESEARCH

Project 3: Application of Population Kineticsin Clinical Pharmacology Studies

Project Leader: Alan Schumitzky and David Foster
Collaborator: Roger Jelliffe, University of Southern California

Project 4. Application of Population Kineticsin PK/PD Studies

Project Coordinators: Alan Schumitzky and David Foster
Collaborators:
University of Washington: JohnSlattery
Other Ingtitutions: George Drusano, Medical College of Albany

Project 4.1: Development of Integrated Population Pharmacokinetic/Pharmacodynamic Relationships for Antiviral Chemotherapy

Project Coordinators: Alan Schumitzky
Collaborator: George Drusano

Project 4.2: Population Concentration-Effect Relationshipsof CY M etabolitesin Hematopoietic
Stem Cell Transplantation

Project Coordinators: Alan Schumitzky and David Foster
Callaborator: John Slattery

Project 5: Application of Population Kineticsto Lipid and Lipoprotein Metabolic Studies

Project Leader: Hugh Barrett
Co-Investigator: David Foster
Collaborators:

University of Washington: none
Other Indtitutions:  Murray Huff, University of Western Ontario
Ernst Schaefer, Tufts University
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Project 6 : Application of Population Kineticsto Studiesin Intermediary M etabolism

Project Leader: Claudio Cobelli
Co-Investigators. David Foster, GiannaToffolo and Paolo Vicini
Collaborators:
University of Washington: none
Other Ingtitutions:.  Angelo Avogaro University of Padova
Richard Bergman University of Southern California
Roberto Vettor University of Padova

Project 7: Application of Population Kineticsto Environmental Toxicokinetic Studies

Project Coordinators: Alan Schumitzky and David Foster
Collaborator: Danny Shen
Crispin Pierce
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